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The increase in global population witnessed over recent years poses major threats to the 
quality of the air we breathe.  Coupled with population growth in many developed countries, 
often driven by immigration, there have been substantial increases in the populations of 
developing countries.   At the same time, an increasing number of individuals live in urban 
environments.   
In order to assess risk of exposure to hazardous air pollutants (air toxics) in the inner city, 
where a susceptible population lives, works, studies and transits, data obtained from high school 
students in the New York and Los Angeles TEACH (Toxic Exposure Assessment: A Columbia-
Harvard Study) studies, were analyzed, with the three main objectives to: 
1). Assess, characterize, quantify and compare directly-measured personal air toxics 
exposures from New York and Los Angeles; 
2). Assess, quantify and compare the concentrations and temporal and spatial variability 
of air toxics measured in the outdoor urban microenvironments of these two cities; 
3). Determine if personal air toxics exposures could be modeled using available time-
activity information, coupled with measured microenvironmental air pollution inputs. 
 The main findings of this research revealed substantial differences between New York 
and Los Angeles in the quantity and quality of particle-associated personal air toxics exposures 
 
 
in these two cities.  Students across cities exhibited similar levels of personal exposure to 
particulate matter (PM 2.5) and to high levels of sulfates (greater in Los Angeles than New York; 
both likely of vehicular traffic origin).  Different patterns of exposure to particle-associated air 
toxics was observed in the two cities and across seasons.  In New York, students demonstrated 
substantially higher exposures to iron, cobalt, and manganese, likely of subway origin, than their 
counterparts in Los Angeles, who exhibited higher exposures to calcium, aluminum, magnesium 
(likely of crustal origin).  Across seasons, within cities, differences were also detected, with 
higher levels of air toxics exposures shown in New York in the winter than in the summer for 
nearly 80% of the analytes, similar to the general pattern (winter vs. fall) in Los Angeles.  
With respect to outdoor air toxics concentrations, in general terms, crustal sources of air 
toxics were detected in both cities, though in Los Angeles these levels tended to be higher than in 
New York, often significantly.  Anthropogenic sources were evident in each of the cities to 
varying degrees. Sulfates were detected at comparable high levels across both cities, though the 
levels tended to be higher and variability of concentrations of this air pollutant was greater Los 
Angeles than New York, likely reflecting differences both in patterns of traffic and built 
environment. Various approaches taken to model spatial and temporal variability of outdoor air 
toxics concentrations using mixed procedures showed city-specific, spatial and temporal 
variance patterns of air toxics.  Using location and time (day) inputs, in New York, Zn, Pt, and 
Sn were among the elements with highest spatial variability in the summer, whereas in the 
winter, Co and La (possibly of subway origin) showed high spatial-temporal variance.  In Los 
Angeles on the other hand, highest spatial to temporal variance ratios were noted for Cs, Ni and 
K in the fall and Ni, As and Mg in the winter. Each city also revealed different patterns of 
 
 
temporally dominant air toxics, consistent with variable-in-time excursions in air toxics 
reflecting remote, upwind sources. 
 Using regression modeling that accounted for the distribution of measured personal air 
toxics, coupled with available time-activity diary data from TEACH and assignment of those 
activities to specific measured microenvironments, modeling of personal exposures yielded 
generally strong coefficients of determination, explanatory power and could be cross-validated.  
Important findings included the role of the indoor environment in predicting personal exposures 
and the degree to which a small percentage of time spent in the transit environment could affect 
exposures to trace elements from this source. Although the majority of elements could be 
predicted in large part by indoor exposures, not simply as a reflection of outdoor air toxics 
concentrations, the inclusion of other microenvironments, in many cases substantially increased 
the predictive power of the models generated. 
The research pursued in this thesis project further details and underscores the risk of air 
toxics exposures of young residents of the inner city, which, unlike workplace and environmental 
standards that traditionally may have been based on single exposures, are characterized by 
exposures to low level complex mixtures of air toxics. In aggregate, these mixtures may have 
different health consequences than more intense single pollutant exposures.  Data generated here 
may help to inform planning of air quality monitoring approaches in the inner city, as well as 
provide one template for predictive modeling of human exposures to air toxics in that complex 
environment, to reduce the need for direct personal measurements to assess exposure risk.  This 
may ultimately contribute to approaches to mitigate air toxics exposures and its consequences for 
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Chapter 1:  









Risk of exposure to air pollutants and impact on public health has been recognized for 
more than 60 years, since the “great smog” or “big smoke” of London in December of 1952.  In 
this seminal air pollution event, a period of cold weather, combined with a high pressure system 
and tranquil wind conditions, led to the entrapment of airborne particulate matter from coal-fired 
heating systems, and traffic exhaust, which resulted in a thick “pea soup”-like layer of acid smog 
that engulfed central London1,2.  This historical event, a phenomenon caused by the coincidence 
of climatologic conditions and human activity in an increasingly industrialized world,  which 
lasted four days, is estimated to have caused or contributed to more than 4000 excess deaths and 
affected the health of approximately 100,000 Londoners1,3.  Since then, numerous governmental 
and non-governmental organizations in the U.K. followed soon after by other efforts in Europe 
and notably in the United States, established initiatives and laws to address the increasing 
problem of air pollution.   
In the United States, the first amongst these was the Air Pollution Control Act of 1955, 
ground-breaking U.S. federal legislation involving air pollution, which provided for federal 
research funds4,5.  The Clean Air Act of 1963 was the first legislation in the United States to 
attempt to understand air quality, and provided funding for research into techniques to monitor 
and control air pollution6.  The Air Quality Act of 1967 was enacted to further expand 
governmental activities related to air pollution control that included provisions to enforce 
pollution standards for interstate transportation.  The Act of 1967 also led to ambient monitoring 
studies and inspections of stationary sources of air pollution7. 
 The Clean Air Act (CAA) has been expanded or amended several times since its 
enactment, providing for additional stipulations and funds for research and target goal-setting for 
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air pollution control over the following 25 years7,8. In 1970, the amended law authorized the 
establishment of comprehensive regulations at the federal and state levels, to limit emissions 
from both stationary (largely industrial) and mobile (largely transportation) sources. Four major 
regulatory programs were initiated with the CAA 1970 amendment, including the National 
Ambient Air Quality Standards (NAAQS) which established six major “criteria” air pollutants 
that have been the focus of air pollution monitoring, and largely have defined standards of air 
quality since then: carbon monoxide (CO), nitrogen dioxide (NiO2), sulfur dioxide (SO2), 
particulate matter, photochemical oxidants (O3 and related species) and lead 9.  The other three 
programs included:  State Implementation Plans, which required a plan for each state outlining 
how a state would  attain and/or maintain the primary and secondary National Ambient Air 
Quality Standards (NAAQS) detailed both in the CAA of 1970 as well as in the code of federal 
regulations (50.4 through 50.12), including outlining all those requirements that could be 
enforced by the federal government; New Source Performance Standards, which led to the 
establishment of maximal air pollution emissions allowed by individual new stationary point 
sources (40 CFR Part 60) 10 and the National Emission Standards for Hazardous Air Pollutants 
(NESHAPs), which defined a list of Hazardous Air Pollutants, initially identified as the following 
seven (7):  asbestos, beryllium (Be), mercury (Hg), vinyl chloride, benzene, arsenic (As) and 
radon/radionuclides.   
In 1977, the Clean Air Act amendments established provisions for the Prevention of 
Significant Deterioration (PSD) of air quality in areas attaining the NAAQS.  This law defined 
“non-attainment” as a geographic area that did not federal air quality standards.  The designation 
of non-attainment gave federal authorities power to oversee changes to ensure attainment and 
maintenance of the NAAQS11.  Finally, the last amendment of the Clean Air Act was pursued in 
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1990 which focused attention on programs for acid deposition control (acid rain and others), 
authorized control of an enlarged list of 187 hazardous air pollutants, or “air toxics”, expanded 
program permit requirements and modified provisions relating to the NAAQS, while also 
extending enforcement authority and expanding research programs12,13.  The hazardous air 
pollutants were defined as  substances known or suspected to cause cancer, other serious health 
effects (e.g. immunological, neurological, respiratory, reproductive, etc.) or adverse 
environmental effects, and encompassed several categories of pollutants, including volatile 
organic compounds (benzene, perchloroethylene, methylene chloride, toluene, etc.), dioxins, 
asbestos and metals such as cadmium, chromium, mercury and lead compounds 
(http://www.epa.gov/ttn/atw/allabout.html).  30 of the 187 were deemed to pose the greatest 
human health risk in urban areas and are referred to as urban air toxics 
http://www2.epa.gov/urban-air-toxics/urban-air-toxic-pollutants).  With the 1990 amendments, 
the federal government for the first time was able to conduct extensive ambient monitoring 
studies and stationary source inspections to assess hazardous air pollutants, and had authority via 
the Environmental Protection Agency, to penalize individual polluters, or states which did not 
meet goals of air pollution reduction. 
Importantly, the 1990 amendments also led to the creation of a National Urban Air 
Toxics Research Center (NUATRC). NUATRC was named after George Thomas "Mickey" 
Leland (1944 – 1989) an anti-poverty activist who later became a congressman from Texas’ 18th 
Congressional District. Leland was an advocate on hunger and public health issues. In 1984, 
Leland founded the Congressional Select Committee on Hunger and was a driver of programs 
designed to lessen the famines that affected Ethiopia and Sudan through much of the 1980s. In 
1989 Leland perished in a plane crash, while on a mission to promote these goals in Ethiopia.  
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The Mickey Leland National Urban Air Toxics Research Center (NUATRC) was 
established to develop and direct an environmental health research program in order to stimulate 
greater understanding of the risks to human health posed by exposure to toxic chemicals in urban 
air.  NUATRC (or the Leland Center) was a public/private partnership that was first established 
in 1991. The Center released its first Request for Applications in 1993. The aim of the Leland 
Center was to facilitate research programs focused on the investigation and assessment of risks to 
public health attributed to air toxics prompted by the goals of the 1990 Clean Air Act 
amendments.  Since results from the total exposure assessment methodology studies (TEAM 
studies) published in the early 1990s established that air toxic concentrations from central site 
monitors were not representative of personal exposure, federal funds were applied to support 
research to examine the relationship of exposures to time/activity patterns and time spent 
exposed to air indoors and outdoors, and their relationship to air toxics exposure risk. NUATRC 
published a Request For Applications (RFA) 96-02-B entitled, “Personal Exposures to Air 
Toxics in Urban Environments” to address the paucity of information on indoor/outdoor 
concentrations of air toxics and personal exposures and to define the specific contribution by 
ambient sources to personal air toxic exposures. Dr. Patrick Kinney at the Mailman School of 
Public Health, Columbia University, was the recipient of the award in response to the RFA, 
entitled “The Toxics Exposure Assessment - A Columbia and Harvard Study” (TEACH).  
Thus, a major air pollution event involving the inner city was the trigger for large-scale 
national and international efforts to control air pollution, in recognition of the potential for major 
public health consequences of poor air quality.  However, despite the discovery of the 
unequivocal potential for air pollution to affect the health of city dwellers, to a great extent, the 
air pollution monitoring had been focused, until the 1990 CAA amendments, and studies 
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exemplified by TEACH, on large air mass sampling approaches meant to define parameters for 
judging compliance with congressional goals for pollution control outlined by these various 
regulations.  The methods used in the past are not dissimilar from those still employed today, 
which are largely dependent on approximately 3000 air quality monitors located throughout the 
country, supported by federal authorities, but often owned by the states14 (see Figure 1). These 
monitors are capable of capturing data related to the concentration of several principal types of 
pollutants, some of which are measured across the geography of the United States only in 
specific locations.  Of note, there is a greater concentration of monitors on both coasts, and large 
gaps in the middle of the country where sampling is less dense. Importantly, also noted in the 
figure, is the type of monitoring occurring at these sites, which largely are limited, according to 
the monitor, to the evaluation of levels of specific criteria pollutants.  Since monitors are almost 
exclusively located at many meters (up to 100 feet) above ground level, the local concentrations 
of pollutants cannot be accurately assessed. 
 In recognition of the particular vulnerability of youth to life-long exposure to air toxics, 
the EPA recently (2009) established a monitoring system to assess air quality in the outdoor air 
near a selected group of 27 schools distributed throughout the country15.  The approach has been 
largely based on samplers located several meters above ground. In New York State, the air 
quality around schools was monitored only at two locations: Olean, NY (a small city of 15,000 
inhabitants, southwest of the Finger Lakes in northern New York State), and at an intermediate 
school (Eleanor Roosevelt IS 143) on the upper west side in New York City. For the former, 
monitoring focused on diisocyanates and volatile organic compounds.  For the latter, monitoring 
was particularly focused on only two organic compounds: 1, 3-butadiene and benzene. Both 
schools were sampled during the spring of 2010.  In the case of I.S. 143, the school was chosen 
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because of its location near the confluence of two highways, and, although 35 other organic 
compounds were measured, the two compounds selected for focus were deemed to best 
determine pollution risk of highway origin.  The study, whose results are available online 
(http://www.epa.gov/schoolair/IntermediaResults.html), determined that the pollutant levels 
detected were below the levels of significant concern.  No further monitoring was planned at this 
site after 2010. 




Notwithstanding the limitations of relying on large air mass sampling methodologies to 
estimate localized air pollution concentrations, the quality of air has improved substantially over 
the last 20 years.  In 2010, it was estimated16 that since 1990 there had been substantial 
improvements in mortality due to particles (160,000 deaths prevented), ozone (4,300 deaths 
prevented), and morbidity related to chronic bronchitis (54,000 exacerbations), heart disease 
(myocardial infarctions; 130,000), asthma (more than 1,700,000 exacerbations prevented) 
emergency room visits (86,000), a substantial savings of school days lost (3,200,000) and lost 
work days (to approach 17,000,000 by 2020).   
Though these attempts to monitor and control pollutant emissions has had notable success 
in reducing exposure to air pollutants from peaks in the 1980s until the present day, with 
continuing population growth, which drives the main source of pollutants -man-made activities- 
such success will be challenged in the future.  Of great concern is the contribution of developing 
countries to the global burden of air pollution.  Over the last two decades increases in criteria 
pollutants have been noted worldwide with a particularly alarming increase in flagged levels for 
urban areas17, where pollutions sources often are concentrated. Worldwide, the main sources of 
pollutants include incinerators, fossil fuel fired cogeneration plants, and traffic-related emissions 
that are the result of population growth, increased car ownership and traffic congestion. The 
latter is a particular challenge for the United States, where commuters have experienced a 
quantifiable and concerning increase in commute time over the last decade. Measured in hours 
“stuck in traffic” by the US Department of Transportation in 2002, it was determined that 
travelers in 75 urban areas experienced an increase in the difference between time needed to 
reach work traveling in peak traffic hours vs. optimal hours (2002:  40% longer compared to 
only 13% longer in 198218), resulting in a remarkable increase in hours in traffic, which was 
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calculated then to be 3.5 billion hours in 2002 compared to 0.72 billion hours in 1982. While a 
major source of lost time and productivity, this also represents a potentially significant increase 
in air pollution exposures for commuters. Importantly, the predictions for traffic congestion 
augur for a substantial increase in air pollution associated with urban areas over the next decade.  
In comparison to the year 2002, by 2025, the US population is expected to grow 26%, the GNP 
would double, and the passenger miles (highway, air, transit) would increase 72%.  All of this 
will continue to add to both US and global air pollution burden, despite clear improvements in 
automobile performance and decreased emissions of modern automobile engines as a result of 
advances in gasoline, electric and hybrid engine design and modifications of fuel to reduce 
emissions (e.g. ethanol mixtures) during specific times of the year.   
Coinciding with increases in levels of pollutants documented in many urban locations has 
been the increase in proportion of the population which resides in urban areas.  Increasing 
urbanization worldwide19 has led to increases in the global population exposed to urban sources 
of pollution.   Furthermore, the average age of inhabitants of the inner city is decreasing as 
immigration of younger persons to cities increases, particularly in developing countries, which 
has led to an increasing population of individuals with greater susceptibility to air pollutants20,-22.  
Coupled with increasing urbanization has been the increasing structural complexity of inner 
cities with larger geographic footprints and encroachment on previously uninhabited land outside 
of city limits.   This encroachment and associated deforestation limits the ability of nearby 
ecosystems to cleanse the air via capture and filtration conferred by vegetation.  Urban sprawl 
and modern construction and engineering methods have also led to the appearance of a greater 
number of larger and taller buildings in geographies where such structures could not have been 
built only decades earlier.  
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The three dimensional complexity of the urban environment has coincided with the 
increased proportion of land covered by extremely large cities.  It is estimated that those of 
particular concern, named “megacities” have increased from 10 in 1982, to 76 in 200222 .  
Coupled with this growth is the construction of taller buildings.  Large structures in inner cities 
disrupt wind speed and direction which tend to prevent clearance of pollution accumulations, and 
lead in most cases to concentration of air pollutants, particularly those with small aerodynamic 
mass (fine particle size) that is less likely to sediment out of suspension in air masses.  The 
resultant inner city environment and exposure risk may be substantially influenced by the 
presence of these large buildings and resultant creation of “urban canyons”.  Models of fine 
particle exposure have been developed for urban canyons that describe the likely effects on 
concentrating particulate air toxics exposures in particular areas of the inner city associated with 
the built structure23.  Thus, the important elements of the three-dimensional space of cities can 
produce areas of accentuated exposure to air pollutants in spatially constrained 
microenvironments that can substantially affect exposure risk to individuals that live, study, 
work and transit through inner city environments24.    
The effect of the increasing complexity of the urban environment is to accentuate the 
importance of microenvironments within the urban environments, greatly increasing the spatial 
variability of exposures. Coupled with the effect of daily, variable-in-time point emissions within 
the inner city environment, and the important role of meteorology in contributing to variations in 
concentrations, additional complexity is conferred by temporal variability of air pollution 
emissions, challenging even further an accurate estimation of exposure in the modern inner city, 
that can lead to substantial errors in the assessment of likely health impact and need to intervene. 
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 Further complicating understanding of the urban environment is the relative paucity of 
data providing estimation of air pollution concentrations in different cities within common 
national jurisdictions, which would provide important understanding of the variability of 
exposures in environments presumably complying with the same set of national standards, and 
would enable public health systems to focus efforts on cities of highest risk.  Finally, very few 
studies have examined personal measurements of exposure to air toxics in the urban setting 
which is obviously the most important measure of actual exposure of residents within these 
environments, less prone to the limitations of estimation of exposure based on monitoring 
stations far away from the residents and the microenvironments they live in. 
Such an understanding is particularly important since air pollution exposure has been 
implicated in a variety of adverse outcomes, particularly those affecting the lung.  
 
Asthma and the inner city.  
Asthma in inner city youth, compared to asthma in youth living in non-urban 
environments, appears to have increased in prevalence and severity during the last two 
decades25,26.  Multiple reasons could explain this observation, including differences in socio-
economic conditions, access to care, including medication use, ethnic background, and 
environment which involves both exposure to inhaled aeroallergens, as well as exposure to air 
toxics.  Several large asthma networks have been established over the past 15 years to promote 
asthma research in the inner city27. These studies have largely focused on home environmental 
exposures to allergens and exposure to tobacco smoke, not on other air toxics exposures and 
assessment of source.  Other research programs have been designed to assess air pollution in the 
urban environment, recognizing the need to quantify air pollutant concentrations at the 
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neighborhood level, where exposures could be concentrated in the urban environment.  An 
example of this type of study is the New York City Community Air Survey (NYCCAS) which 
collected air toxic monitoring data from approximately 150 monitors located in the city of New 
York, obtained during the winter (2008-2009) and summer (2009), to quantify local, 
neighborhood air toxic concentrations through the five boroughs 
(http://www.nyc.gov/health/nyccas).  This study did not measure personal air toxics exposures.   
Although allergic sensitization and exposure to allergens are known triggers for asthma, 
in the inner city, exposure to respirable air toxics represents another substantial risk for lung 
disease. Air toxics exposures, especially in adolescence, may impact the development of 
asthma28-32 , the major respiratory disease of children and adolescents, as well as other potential 
longer term clinical outcomes of exposure to air pollution in the inner city, such as the later 
development of lung cancer33,34  and COPD35,36 .  Determining the exposures of youth in the 
inner city, who tend to have higher prevalence of asthma37,38 , therefore has important 
implications for future risk of developing these costly and life-changing diseases. 
 
Air toxics exposure and risk of asthma: PM2.5, elemental carbon, trace elements.   
The major particulate and particle-related air toxics that have demonstrated some 
association with airway inflammation or asthma include: particulate matter of small size that can 
enter the lower airways (PM2.5), and some of other elements found in PM2.5 fraction of 
particulates, including black carbon52-54, the trace elements vanadium52,55, nickel56 , with more 
limited information available relating to the elemental chromium57  and manganese58 .    
Although there is clear consensus that exposure to PM2.5 leads to quantifiable increases in 
mortality59, the magnitude of those increases are not yet entirely understood.  Part of the 
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difficulty in quantifying magnitude of effect of PM2.5 on lung disease and mortality relates to 
the lack of understanding of the pathogenesis underlying the risk conferred by PM2.5.  It is 
important to note that PM2.5 represents a heterogeneous mixture of particles that varies in 
composition and therefore, knowing the constituents of PM2.5, to which an individual is 
exposed, such as trace elements, may be very important in assessing fully their potential health 
impact.  As an example, differences in the type of oil used for heating in different cities, as well 
as the length of cold season requiring differing duration and intensity of residential heating in 
distinct geographies, can lead to differences in the concentration of ambient nickel (Ni) and 
vanadium (V) contained in airborne particulates in different cities.  Similarly, spatial variations 
of constituents of PM2.5 can be significant within a city, as concentration of air toxics from a 
localized fleet of diesel-fueled vehicles for example, in one urban community, can significantly 
impact the local microenvironment generated by proximity to this source and perhaps by the 
local configuration of urban canyons, making determination of exposure most accurate when 
incorporating personal monitoring. 
Criteria air pollutants in gaseous form, such as NO2, O3 and sulfur dioxide, have been 
associated principally with acute, rather than chronic airway disease in many studies60-62 , and 
concentrations of these criteria pollutants in outside air can vary from city to city, based on 
sources of pollution and composition of the pollutants emitted, and weather conditions including 
fog and wind. Outdoor exposures to criteria air pollutants can be influenced by proximity to 
sources of combustion and although microenvironments can demonstrate spatial variability, this 
tends to be less prominent than the variability observed with exposures to PM2.5 and elemental 
carbon.  Monitoring for levels of criteria air pollutants is not generally performed at a personal 
exposure level.  Exposures are typically extrapolated from air monitoring stations located in 
14 
 
cities at various locations to obtain average exposures over geographical areas of considerable 
size.    
 
Understanding individuals in the environment they live in and reducing risk. 
Critical to the understanding of the air toxics exposure risk of residents in the inner city is 
to understand the environments these individuals live in.  This should include an assessment of 
particulate air toxic exposures that encompass both indoor as well as outdoor environments, 
reflecting the pattern of activities pursued in these environments, to capture the best quality 
composite exposure information.  This type of information, specifically capable of assessing risk 
of exposures in microenvironments of inner city populations, is scarce.  
By better understanding potentially modifiable risks, via careful assessment of air toxics 
exposure in vulnerable groups studied by city of residence, time of the year, and demographic 
characteristics, capturing indoor and outdoor environments, and personal activities that are 
associated with exposures, we may be better able to target interventions to prevent the outset and 
severity of asthma, COPD and potentially impact later consequences of lung exposure to air 
toxics, including lung cancer, in residents of the inner city. One example of data that can be 
utilized to understand personal exposure of inner city youth of high school age and compare 
large cities is TEACH. TEACH was designed to generate data on personal air toxics exposures 
of high school students living in the inner-city neighborhoods of New York City (NYC) and Los 
Angeles (LA) and to establish and characterize factors contributing to personal exposures to 
these air toxics. TEACH obtained information from direct personal air sampling  of respirable 
particulate matter (PM2.5) and a total of 30 particle-associated exposures, of which 10 trace 
elements (Sb, As, Be, Cd, Cr, Co, Pb, Mn, Ni, Se) were listed among the hazardous air pollutants 
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in the 1990 amendments to the Clean Air Act.  14 of the 15 volatile organic compounds assessed 
in TEACH and 2 of 2 aldehydes measured were also among the 187 hazardous air pollutants 
listed.  Importantly, detailed demographic, environmental, and time-activity information was also 
obtained in TEACH.  Data from this unique study are used in this thesis to help further examine 
particle-associated air toxics exposure risk of inner city high school students living in the two 
largest US cities (NY and LA), to understand the characteristics of the urban air 
microenvironments relevant to exposures of urban youth and to build predictive models of 
personal exposures based on understanding of air toxics in the inner city. 
TEACH provided an excellent source of data to compare two large American cities with 
very different topography, built structure and climate patterns.  New York is a port city on the 
western edge of the Atlantic Ocean located south and south west of large tracts of forested and 
farmed land of gradually decreasing altitude emerging from a mountain range (component  of the 
Appalachians) located approximately 50 miles north, northwest and west of the city.  Climate is 
generally temperate with fluctuations in temperature ranging during the conduct of TEACH from 
average highs of 40-48F, average lows of 26-32F and moderate precipitation (2 inches liquid 
equivalent over the 8 week period of TEACH in 1999) in the winter, leading to an accumulated 
average snow depth on the ground of 3 inches over the Feb to March interval in 1999. In the 
summer, Central Park monitors recorded average temperatures of 82F (high) and 70F (low), with 
less than 0.5 inches of precipitation in the in 1999.  Predominant winds during those times were 
generally greatest in early March (gusts of 30-35 mph from the north and northwest) than in the 
summer (averaging ~10 mph from the north and west with periods of southerly winds).  Average 
relative humidity ranged from lows of 40% in the winter (dew point averaging 15F), to 
approximately 50% in the summer (dew point averaging 65F), with both winter and summer 
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high relative humidity averaging ~80% in both seasons in 1999 (see 
http://weatherspark.com/history/30722/1999/New-York-United-States).  Built structure relevant 
for the inner city students in TEACH is largely comprised of skyscrapers and multilevel 
apartment buildings.   
Los Angeles, in contrast, is a coastal port city on the eastern edge of the Pacific Ocean, 
located at in a valley “basin” 50 miles long and 40 miles wide, defined by the Santa Monica and 
San Gabriel Mountains to the north, on the east by the Santa Ana Mountains, and on the south by 
the Pacific Ocean. The confluence of two rivers (the Los Angeles and the Hondo), a modest   
volume of water, is found at the center of the basin. Beyond the mountains to the east is a large 
dry plain that extends into the Sonora Dessert in Nevada. Temperatures in Los Angeles were 
generally moderate in the year 2000, in the winter ranging from average highs of 65-70F to 
average lows between 49-54F and, in the fall, average highs of 76-80F with average lows of 59-
63F.  Relative humidity levels tended to be quite variable on a daily basis in Los Angeles, 
ranging from 35-42% as lows and to 85% as an average high in the winter, to from 42-47% low 
to ~85% as the average high in the fall, with excursions related to wind conditions (see 
http://weatherspark.com/history/29963/2000/Los-Angeles-California-United-States). Dew points 
ranged from lows of 35F to 40F to highs of 50F in the winter and from 46-55F low to 57-62F 
high in the fall.  Only very limited precipitation was recorded in Los Angeles in 2000 in the 
winter (summing .78 inches in January), which was greater than in all other seasons that year and 
far less than in the fall, where it was negligible.  Winds in the winter of 2000 were quite variable 
with only tendency not be coming from the north  
(www.wunderground.com/hisotry/airport/KCQT/2000/2/5/MonthlyHistory.html), and ranging 
from 5-12 mph. Periods of markedly stronger northeasterly winds from the dessert to the east, 
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which often exceed 40 mph (Santa Ana winds), are known to occur in the fall, contributing 
periodically to hotter and drier conditions.   Westerly winds from over the ocean toward Los 
Angeles -“sea breezes”- are experienced during the daytime.  In the fall, winds tend to be 
westerly. Built structure in and around the site of the Los Angeles component of TEACH is 
largely comprised of single family homes of one to two floors, in addition to some downtown 
skyscrapers located at a considerable distance from the school and homes of students.  
TEACH was designed to collect and analyze data on personal exposures to urban air 
toxics in high school students located in New York City and Los Angeles in 1999 and 2000, to 
investigate the intensity and characteristics of the exposure and factors related to same.  The 
study was conducted in two urban high schools, one in New York (A. Philip Randolph High 
School—located in Harlem, in upper Manhattan; study body ~1500 students) open to students 
from any borough of New York City, whose students were mostly African American and 
Hispanic (Dominican) and one in south-central Los Angeles (Jefferson High School; student 
enrollment~1900), a neighborhood public high school in Los Angeles, whose students were 
predominantly Hispanic (Mexican).  Students at A Philip Randolph high school largely lived in a 
concentrated area, 10-14 blocks (approximately 3 kilometers) from the school, though there were 
several students that resided in the boroughs of the Bronx (5-7 km), Queens (10-15 km) and 
Brooklyn (15–20 km) away.  In comparison, students from Jefferson High School in Los 
Angeles mostly lived within 3 km of school, with very few living slightly farther away. 
The recruitment approach for the TEACH study at both high schools was similar.  
Teachers initially distributed a brief student survey that was administered to a large number of 
students (surveys returned from 611 in NYC and 733 in LA, representing approximately 40% of 
the student body in each case) to describe the overall characteristics of the student body.  Study 
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participants (initially enrollment target was approximately 30 from NYC and 30 from LA, 
though moderate oversampling was allowed) were identified via informational brochures and 
discussion with project staff, in face-to-face meetings in the school. To be eligible, students had 
to be non-smokers and to come from non-smoking families, and needed to be available for 
personal air sampling during the winter and summer.  Interested students were instructed to have 
consent forms signed by their parents or guardians, which were assessed, along with the results 
of student surveys, to assure entry criteria were met.  Students were then contacted by phone and 
invited to participate.  When the required number of students was recruited to the study, 
enrollment ceased.  The studies were approved by the Columbia and Harvard University 
Institutional Review Boards.    
A total of 46 students from New York (38 winter, 41 summer; 33 completed both 
summer and winter phases) and 41 students from Los Angeles (40 winter, 35 fall; 34 completed 
both phases) were studied.   The school enrollment of both schools is approximately evenly split 
between males and females.  There were more female than male survey participants as well as 
more female than male study participants (~2:1).  Aside from gender differences, demographic 
characteristics of the study participants when compared to the overall student body for their 
respective schools, based on the demographic surveys, were found to be similar in each case.  In 
NYC over 50% of students in the study self-identified as Hispanic (not black), 43% as black and 
7% as Asian or other.  In LA, approximately 95% self-identified as Hispanic, 2.5% (1) as black, 
2.5% (1) as American Indian. 
Air monitoring was carried out over two seasons in each city: summer and winter in New 
York (1999) and analogous seasons: fall and winter in Los Angeles (2000).  Simultaneous 
recording from personal, home indoor, and home outdoor data were collected over eight to nine 
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weeks from non-smoking households.  In addition, air monitoring was conducted upwind and in 
the city at fixed sites.  The database includes information about home and personal 
characteristics, indoor air exchange rates, and time- activity information.  The sampling program 
for air toxics consisted of 48 hour continuous collection for PM2.5, black carbon, a suite of trace 
elements (up to 29 total), 15 volatile organic compounds and two aldehydes. The choice of air 
toxics measured in TEACH were, in part, informed by the 1990 Clean Air Act amendments and 
in part by expediency, that is, the ability to measure specific tracers of natural or 
anthropomorphic source that would assist in assessing exposure risk of high school students to 
the urban air of New York and Los Angeles. Of the air toxics measured in TEACH, along with 
the 10 trace elements listed in the 1990 CAA representing hazardous air pollutants, 14 volatile 
organic compounds (VOCs) and 2 aldehydes also listed (sec. 112 b) were studied in TEACH.  
The focus of analyses in this thesis is on PM2.5, black carbon and the suite of up to 29 particle-
associated trace elements measured in TEACH. 
Sampling and analytical methodologies are described in detail 63 and in the TEACH study 
reports64,65.  The collection methods involved personal air sampling using model 400S BGI 
personal cyclones (Waltham, MA, USA), housed in a customized daypack that the subjects 
carried over the shoulder, with flow split three ways to collect pm 2.5 (at 4.0 L/min), one VOC 
thermal desorption tube (TDT) run at 1.8 standard cm3/min and one C18 aldehyde sampler run at 
100 standard cm3/min.  Samples were collected on Teflon filters, in plastic cassettes attached 
downstream from a cyclone with a 2.5 µm aerodynamic cutoff, the first of which was used to 
collect PM2.5, reflectance and total metals.  A second filter was archived for future analyses 
(wrapped in aluminum and frozen).  Other samples were obtained for VOCs, and aldehyde 
sampling.  Columbia black boxes (redesigned and rebuilt Harvard black boxes) containing three 
20 
 
7-L/min pumps (Medco, Inc., Hanover Park, IL, USA) were used to collect samples inside and 
outside of each subject’s home and at the urban and upwind fixed sites. Two black boxes were 
used for each home, with one designated for indoor and the other for outdoor sampling.  
 
No sampling was carried out for particles larger than 2.5 μm in diameter, nor specifically 
for biologic particles. During each sampling week, a total of three 48-hr sample sets were 
collected at the urban and upwind fixed sites.  
 
Collection of filters, quantification of pm 2.5 and black carbon 
 
Teflon filter samples were collected in plastic cassettes attached downstream from a cyclone 
with a 2.5 μm aerodynamic-diameter cut point (model KTL, BGI, Inc.) when operated at 4 L/min 
± 10%. Flows were checked before and after sampling. Filters were weighed pre- and post- 
sampling on a microbalance at the Harvard School of Public Health Laboratory after being 
conditioned in a temperature-humidity–controlled environment for at least 24 hr (by slightly 
opening the petri dish cover) and statically discharged via a polonium source. After PM2.5 
analyses were complete, filters were returned to Columbia University, where they were analyzed 
inside a class-100 flow bench for reflectance using a smoke stain reflectometer (model 43D; 
Diffusion Systems Ltd., London, UK). Prior work had demonstrated that reflectance could be a 
good proxy for elemental carbon concentrations in outdoor filters. The inverse of the reflectance 
measurements (absorbance) performed on TEACH filters served as a proxy for elemental carbon. 
The term 'black carbon' is used in TEACH to distinguish these measurements from analytical 




Measurements from five separate locations were made on each filter. Because the 
reflectometer head could have touched the active filter area (potentially resulting in metals 
contamination from the metallic head of the reflectometer), a customized filter holder was built, 
holding the filter in a fixed, flat geometry. This modification enabled reflectance measurements 
to be made without a significant risk of contaminating the filter for later multi-element analysis. 
However, since reflectance measurements are sensitive to the distance between the reflectometer 
head and the filter (which represented an additional 2.5 mm when using the custom filter holder); 
the reflectance measurements performed in TEACH were reported as “modified” absorption 
coefficients (Abs*).  Reflectance measurements were converted to absorption coefficients 







After reflectance measurements, filters were prepared for multi-element analysis by 
magnetic-sector high-resolution inductively coupled plasma mass spectrometry (HR-ICPMS). 
Filters (with supporting ring removed) were microwave extracted in two steps inside 7-mL 
Teflon vials, which were placed inside microwave vessels containing 10 mL 65% HNO3. For 
winter samples, reagents in step 1 were 60 μL water and 200 μL concentrated HNO3; in step 2, 
reagents were 100 μL HNO3 and 40 μL hydrofluoric acid. After extraction, the mass of 
remaining digest solution was calculated gravimetrically and brought up to 5 mL to 
approximately 5% acid strength. The filter was removed, transferred to a clean vial, and 
redigested in the same manner. Both the first and second digests were analyzed. Reagents for 
summer filters were 20 μL ethanol, 60 μL water, and 225 μL concentrated HNO3 in step 1, and 
10 μL ethanol, 40 μL hydrofluoric acid, and 100 μL HNO3 in step 2. The addition of ethanol 
eliminated the need for redigestion of the filter, so this second step was not performed on 
summer samples. The streamlining of the analytical procedure for summer samples had no 
significant impact on the measurements. Recoveries of standards and duplicate precisions were 
good in both seasons. Diluted digests were then analyzed by HRICP-MS.  
Winter New York samples were run on the Element (Finnigan-Mat, Bremen, Germany) 
at Rutgers University; summer New York digests were run on an Axiom (VG-Elemental, 
Franklin, MA, USA) at Lamont Doherty Earth Observatory (LDEO; of Columbia University’s 
Earth Institute). Data were collected for all isotopes of interest at the appropriate resolving power 
(RP) to avoid isobaric interferences. Be, Ag, Cd, Sn, Sb, Cs, La, Pt, Tl, and Pb, were run at RP 
400; for Na, Mg, Al, S, Ca, Sc, Ti, V, Cr, Mn, Fe, Co, Ni, Cu, and Zn, at RP 3,000–4,300; and K, 
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As, and Se, at RP ≥9,300. Indium was added to all samples, blanks, and standards as an internal 
drift corrector for RP and therefore run in all resolving powers.  
Quantification was done by external and internal standardization.  Three multi-elemental 
standards were used, prepared at LDEO from commercial sources and mixed to relative 
abundances in the samples.  Fifteen to twenty percent of digests in each digest batch were 
“procedural” blanks (acids only). Field blanks, opened and then resealed in the field (used to 
assess potential contamination of filters not actively filtering air before sampling and during 
transport, prior to processing) were treated as samples and used to perform blank corrections of 
measured samples. Samples and procedural blanks from digestion batches were analyzed on the 
same day. HR-ICP-MS data were drift-corrected with indium, quantified, converted to a mass, 
and corrected for blanks. Samples that were below the daily limit of detection (LOD) or limit of 
quantification (LOQ) based on daily procedural blanks were flagged. For New York winter 
samples, analyte mass of the first and second digests was combined. All sulfur mass 
concentrations are reported as sulfate, which is assumed to be the predominant sulfur species 
captured by the PM2.5 filters. Precision was assessed by analyzing duplicate field samples 
(generally yielding results falling in the range of 10-20%), irrespective of season within each 
city.  Other quality control aspects of analytics included recalculation by paper and calculator to 
ensure that the Excel spreadsheet calculations were valid, and reanalysis of those samples 








Subjects provided information to capture the activities each pursued during the 48-hr 
sampling period.  A  time-activity diary was completed during the 48-hr personal sampling 
period which recorded the activities and locations of subjects in blocks of time (15 min), 
including whether the subject was at home, in transit, what form of transit was being used 
(walking, motorbike, bus, train, car or cab) and whether the subject was smoking or exposed to 
smoking.   Recalled 48-hour exposure was also assessed at the end of the sampling period, to 
attempt to obtain more specific information about exposures by completing a questionnaire that 
requested information about time (in minutes) pursued in various activities including exposure to 
air conditioning, vacuuming, cooking/grilling and type of fuel used, as well as a measure of the 
degree of ‘annoyance’ air pollution represented to the subject, while at work/school or at home.  
Personal sampling and assessment of activities was collected for 48 hours on Tuesday pm to 
Thursday pm, in groups of 3-5 students per week over each 8-9 week campaign (each subject 
measured just once per season).  Fixed site monitoring was performed (sequential 48-hr outdoor 
sampling) three times each week (Tues pm-Thursday pm, Thursday pm-Saturday pm and 
Saturday pm-Monday pm), from the roof top of the selected inner city high school, or close 
alternate site, and an upwind site in each city to assist in interpreting the origin of the air toxic 
exposure (both seasons in NYC, only the winter season in LA). The focus of this thesis will be 
on exposure data to include an analysis of fine particulate matter (PM2.5) and associated trace 
elements that were obtained from personal air samplers and fixed sites in TEACH.  Analysis will 
include the entire suite of trace elements (Al, Sb, As, Be, Cd, Ca, Cr, Cs, Co, Cu, Fe, La, Pb, 
Mg, Mn, Ni, Pt, K, Sg, Se, Ag, Na, S, Tl, Sn, Ti, V, Zn) as well as black carbon (assessed by 
modified reflectance method to  generate absorbance data, which correlates with levels of black 
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carbon). Of particular interest were exposures to 4 trace elements that have been implicated in 
asthma, including Vanadium (V), Nickel (Ni), Chromium (Cr) and Manganese (Mn). A 
summary of some of the known sources and potential human health effects of all the particle-
associated air toxics measured in the TEACH study are provided in the following Table.   




Table 1. Particle-associated air toxics sampled in TEACH: Sources and potential human effects 





Route Principal Source (s) Reported suspected human 
toxicological effects 
 
     
PM2.5 Inhaled Fine particle sources 
include internal 
combustion engine 
exhausts, combustion of 
wood, heating oil, coal, 
grasses, volcanic 
eruptions. 
Airway diseases: Asthma, 
bronchitis, COPD, lung 
cancer, adverse cardiovascular 





Inhaled Fossil fuel burning 
power plants, wildfires, 
diesel engine exhaust. 
Coronary artery disease, 
increases in all-cause 
mortality, adult-onset asthma. 
 
     
Al Inhaled Crustal (most abundant 
metal in earth’s crust). 
Aluminum powder and 
paste manufacturing for 
pyrotechnics, aluminum 
welding. 
Asthma (aluminum potroom 
asthma), as silicates causes 
lung fibrosis, granulomas 







presence in fly ash from 
coal-fired power plants, 
oil and wood 
combustion, pesticides. 
Acrodermatitis, skin cancer, 
peripheral nerve dysfunction, 
anemia, cancers (lung, liver, 
bladder, kidney) 
 
Be Inhaled Crustal element, usually 
in silicate form. Used as 
an alloy with other 
metal to improve 
hardness.  





Crustal metal (3rd most 
abundant metal in 
earth’s crust); found in 
limestone, gypsum and 
fluorite.  Calcium 
carbonate, common in 
sand. 
Chronic bronchitis in 
limestone and wollastonite 
mill workers. Skin, eye 
irritant. 
 
Cd Inhaled Crustal metal used as 
anti-corrosive 
electroplated onto steel. 
Industrial exposures lead to 
emphysema, chemical 




Pigments, plastics.  damage, cancer (lung, 
prostate). 
Co Inhaled Crustal metal used in 
pottery, steel and alloys, 
for cutting tools, heavy 
vehicles (subway 
wheels, turbines, space 
vehicles). 
Hard metal workers develop 
respiratory symptoms, cough 
wheeze, hard metal asthma. 




Cr Inhaled Crustal metal, mined as 
chromite ore. 
Manufacturing to 
produce  Cr (III) and 
(VI) forms.  
Asthma, dermatitis  exposures 
to chromate (VI); VI form 
increases risk of lung cancer 
 
Cs Inhaled Radioactive and non-
radioactive forms.  
Cancer treatments, 
nuclear weapons fall 
out, nuclear power 
plants; crustal tracer, 
industrial gauges. 
Non-radioactive: like K. 
Hyper-irritability and spasms. 
Radioactive effects: lung 
cancer 
 
Cu Inhaled Crustal. Mined as 
chalcocite, chalcopyrite 
and cuprite; alloyed 
with zinc (brass), tin 
(bronze). Used for 
wires, pipes.  





Crustal (2nd most 
common metal in 
earth’s crust); mined in 
form of taconite, 
processed and smelted. 
High levels encountered 
in foundries, steel 
manufacturing plants, 
subway systems. 
Hemochromatosis, fibrosis of 
liver; 
Hemosiderosis, fibrosis of 
lung 
 
K Ingested Crustal in form of clays 
and feldspars. Leached 
by weathering into the 
ocean. 
Dusts can irritate respiratory 
mucosa. At high doses 
systemic effects of salt form 




Rare earth metal. 
Component of steel. 
Oxides found in 
fluorescent lamps, 
optical glass 
Lung cancer inhaled; liver 
cancer on systemic exposures. 
 
Mg Ingested Crustal; present as an 
oxide. Alloy agent with 
Respiratory irritant as a dust. 








Crustal; steel foundries, 
combustion of gasoline 
with MMT 
Neurotoxicity: gait 





Obtained from ore of 
molybdenite. By-
product of copper 
mining. Also detectable 






Crustal; soil and sea 
water 
Sub-gram amounts, none 
reported. 
 
Ni Inhaled Crustal; combustion of 
fossil fuels, waste 
incineration 
As alloy: contact sensitivity. 
Oxide form: Asthma, lung 
cancer, lung lymph node 
proliferation 
 
Pb Inhaled Crustal; combustion of 
leaded gasoline, leaded 
paint; manufacturing 
and incineration of lead 
batteries 
Systemic neurological (central 
and peripheral nerve), blood 
(anemia), hypertension effects 
 
Pt Inhaled Crustal; source in 
mining; vehicle 
catalysts 
Sensitization to Pt can lead to 
respiratory irritation and 
asthma (occupational: Pt 
refining) 
 
S Inhaled Combustion of fossil 
fuels, diesel and 
gasoline; extracting 
metal from ore 
Sulfates associated with  
airway hyper-reactivity 
 
Sb Inhaled Crustal; hardener as  
metal alloys; coal and 
refuse combustion; 
found  in lead batteries 
Generally thought to be 
relatively inert at  low; high 
exposures: possible respiratory 




Crustal as argentite. 
Industrial use: plating, 
photography. Emitted 
by combustion of coal. 
Nausea, vomiting, diarrhea; 
argyria (grey/blue 
skin/mucosal membranes); 
lung irritant at high inhaled 
doses 
 
Se Inhaled Crustal. Emitted during 
combustion of fossil 
fuels, copper mining, 




respiratory tract irritation 
 
Sn Inhaled Crustal, component of 
soil. Emitted by 
combustion of waste 
Inorganic forms: generally 
inert. High oral intakes lead to 




and of fossil fuels. 
Ti Ingested, 
inhaled 
Crustal; used in aircraft 
and paper pulp 
industries, TiO2 found 
in paint and plastics 
None reported; inert as metal 











V Inhaled Combustion of fossil 
fuels, esp. crude oil. 
Inhalation of dusts: eye and 
respiratory irritation, wheezing 
 
Zn Inhaled Crustal. Soil and air 
levels influenced by 
weathering; combustion 
fossil fuels; industrial: 
dye casting, 
construction, batteries 
Metal fume fever; 
occupational asthma; 
pulmonary injury at high 
exposure to Zn chloride 
 
Sources: Online searches: Wikipedia, http://www.lenntech.com/periodic/elements; Textbook 
resource: Nordberg GF, Fowler BA, Nordberg M, Nordberg LT. Handbook on the toxicology of 
metals. 3rd edition, 2007. 
 
Using this rich TEACH database, this thesis will focus on the following specific aims and 
general approaches to analysis which will be further delineated in specific chapters of this thesis.   
Specific Aim #1: ASSESSMENT of PERSONAL AIR TOXICS EXPOSURE 
It was hypothesized that personal exposures of inner city high school students (HSS) 
to air toxics in New York City (NYC) compared to Los Angeles (LA) varies according to 
city of residence, and season.  
In specific aim 1, it was proposed: 
 
To assess air toxics exposure of inner city high school students (HSS) from the two largest 
US cities (NYC and LA) using the TEACH database by: 
• Determining the concentrations of fine particulate matter and particle-associated 
elements  that inner city high school students (HSS) were exposed to as assessed by 
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personal monitored measurements of PM2.5 and particle-associated elements, according 
to city of residence (NYC or LA) and season 
• Assess the frequency distribution of these exposures according to city and season 
• Compare personal exposures to PM2.5 and particle-associated elements in subgroups 
and across cities and seasons 
In this aim, the objective is to understand the extent of air toxics exposure of HSS who 
participated in the TEACH study in the urban environment they live, transit and study in.  Using 
the merged data set produced in the preliminary studies cited above, levels of particulates, 
specifically pm 2.5 and its constituents: black carbon (using the surrogate of absorbance) and the 
suite of all trace elements analyzed, will be assessed applying univariate analysis in SAS.  Data 
generated will include means, medians, min, max, measures of central tendency and shape of 
data distribution (calculation of kurtosis and skewness).  Graphical display using sgplot function 
will allow a visual display of the data, which will provide additional support for understanding 
the distribution of data within the cohort, for each city, according to season, by gender, 
race/ethnicity, allowing a better understanding of the characteristics of individuals at highest risk 
of exposure.   Methods will include tabulation of data, generation of histograms to display the 
distribution of data within each population, as well as scatter plots, as appropriate.   
Specific analyses will then be pursued to understand whether differences between cities 
exists and within a city, according to demographic characteristics that are sufficiently sampled 
(gender for LA and gender, race/ethnicity for NY), are qualitatively or statistically significant.  
Significance testing will be reserved initially for the specific analytes pre-specified above as 
being of particular interest: pm2.5, black carbon, Ni, V, Cr and Mn.  Other statistical testing will 
be exploratory in nature. For normally distributed, continuous variables, such as the comparison 
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of level of exposure to PM2.5 in HSS in New York and in LA, a proc ttest can be employed.  To 
understand the relationship between exposures to PM2.5 constituents listed above (elemental 
carbon and each of the trace elements) for each city, assuming normal distribution confirmed for 
each of the analytes across the two populations, a similar analysis will be performed.  If it is 
determined that the data are not normally distributed, one of several approaches can be utilized to 
transform the data to approximate a normal distribution.  Such approaches will include 
consideration of logarithmic transformation, exponentiation or quadratic transformation to fit a 
normal distribution (validating this via determination of effect of transformation on kurtosis and 
skewness). Another is to remove outliers (defined as those observations exceeding 3 times the 
interquartile range).  If this is deemed inadequate, non-parametric testing (e.g. Wilcoxon rank 
sum test) can be utilized to compare data across groups.   
The focus of the comparisons in this aim will be to assess risk of air toxics exposures in 
NYC and LA and to assess differences in exposure of HSS in these cities, as well as estimates of 
differences observed according to larger categories of individuals defined by gender, 
race/ethnicity, etc. within cities. Since differences between cities can also be a function of these 
characteristics in a complex way, a multifactorial analysis will be explored to determine whether 
these factors independently, or in combination, contribute to differences observed between 
exposures to particulate matter, black carbon and trace elements in NY and LA, using proc reg 
for continuous outcome measures (such as a continuous level of a particular air toxic) and proc 
GLM for categorical outcomes (such as categorical levels of an air toxic).  
 
Specific Aim #2: TEMPORO-SPATIAL RELATIONSHIPS AND VARIABILITY OF 
AIR TOXICS CONCENTRATIONS IN THE INNER CITY. 
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It was hypothesized that environmental levels of specific air toxics varies temporally, 
across and within seasons and spatially, across and within cities and seasons.  Thus, in 
specific aim 2, 
Time- and location-dependency of exposures in each city, for PM2.5, and constituents, 
using the TEACH database will be assessed in order to: 
• Examine the temporal variability of air toxics data, focusing on fixed site monitoring, 
during and across seasons, comparing NYC to LA. 
• Examine spatial variability of air toxics data by location of monitoring: residential 
outdoor, background and school air toxics comparing New York City to Los Angeles. 
The TEACH study was designed to allow analysis of variations in time and space of air 
toxics measured.  This information would be important to place into context any individual 
measurement of air toxics exposure. In addition, better understanding of temporal and spatial 
variability of air toxics monitoring data permits opportunity for more robust design for 
experiments that may be pursued in the future to assess interventions.   
While personal samples were taken for HSS in groups of 3-6 each week, the home 
environments of these HSS were also monitored in the same time period (Tues-Thurs), to 
provide information concerning ambient air toxics information coincident with personal 
sampling. In addition, during the 8-9 week seasonal phases of monitoring, two fixed sites (school 
roof or roof in close proximity to the school and the upwind site) were monitored in three 48-
hour periods per week (Tues pm to Thurs pm, Thurs pm to Sat pm and Sat pm to Mon pm). In 
the first case (Tues pm to Thurs pm), this coincided with timing of personal monitoring, to 
provide information concerning more area-wide, background exposures while personal sampling 
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was being conducted, while, considering all days, monitoring provided information concerning 
temporal variability of air toxics levels at each fixed site.   
This design provides an opportunity therefore to assess temporal and spatial variability in 
air toxics exposures.  The methodology to be employed for assessment of temporal variability 
will include examining those differences in levels of air toxics according to city, by site over the 
course of a season.  By anchoring the site, time dependency of the air toxics levels can be 
assessed. For this, we  will analyze the data using SAS and generate box plots to provide 
summary information, determining central tendency of air toxic levels for PM2.5 and each 
individual component over the course of each of the two seasons of measurement by city. In 
addition, by city, season and fixed site, data will be plotted by analyte, for each 48 hour period of 
monitoring. Means, medians, interquartile range and 95% confidence intervals will be generated 
and compared by site, for each season and city.   
To assess spatial variability, differences in site-specific air toxics data will be analyzed 
according to pm2.5 and each component level, to determine differences across fixed sites, while 
anchoring time.  This will be performed using three approaches: according to city and season, 1). 
by examining air toxics levels for each site (upwind, school roof and homes monitored at 
matched times) for each 48 hour monitoring period, 2). by assessing average levels of PM2.5 and 
analytes for the same 48 hour monitoring period (averaging all Tues-Thurs, Thurs-Sat, and Sat-
Mon measurements over the course of a season; note homes will only contain  Tues-Thurs data), 
and 3) by averaging PM2.5 and components levels over the entire season (seasonal average of all 
measurements made at site) to compare sites. The first approach leads to data points representing 
smaller sample sizes, but more opportunity to determine if small period-to-period differences 
exist across sites anytime during the season.  The second accounts for differences that may exist 
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in air toxics levels over the course of a week, by combining and analyzing data for grouped days, 
potentially enhancing the ability to detect spatial differences in air toxics levels when analyzed in 
two-day intervals, during the week.  The third provides an overall, season-wide summary of the 
differences between sites (spatial variability) in air toxics levels. 
The approaches to analysis of temporal and spatial variability above are largely 
descriptive in nature, but provide important visual display of the data which can then be used to 
decide on how to potentially model spatial and temporal variability.   
Modeling spatial and temporal variability provides a way to estimate the relative 
magnitude of temporal and spatial variability in the ambient data, in a way that could be applied 
to the design of future interventions in air toxics studies. 
A first approach to understanding quantitatively the relationship of spatial and temporal 
variability will be to calculate the standard deviation of the home outdoor data after each home 
outdoor concentration is adjusted by subtraction of the urban fixed-site concentration (school 
roof), corresponding to the appropriate monitoring period, to provide standard deviations for 
each of the analytes, as an expression of spatial variability.  Similarly, as an estimate for 
temporal variability, the computed standard deviation of the urban fixed site (school roof) 
concentrations throughout the field season for each analyte will be used. Then the ratio of spatial 
to temporal standard deviations for each analyte, for winter and summer data for New York and 
winter and fall data for Los Angeles, will be plotted. 
As part of the exercise to estimate variance resulting from spatial and temporal effects on 
analyte levels, will need to analyze a dataset that varies both in space and time.  Such an analysis 
can be conducted for the fixed site data (upwind and school roof) because analytes were 
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measured at these two locations (spatial component), repeatedly over the course of a season 
(temporal component).  General linear modeling will be used, described by: 
y= β0 + β1X1 + γz +ε , 
where y is the analyte concentration, β0 is the y intercept at x=0, β1 is the slope (effect) 
associated with X1 (the site of monitoring), γ is the model parameter, z is the vector for the time 
variable and ε  the residual error.  Data from each season will be modeled separately and analysis 
performed using regression methodologies by analyte to obtain significance level and variance. 
 
Specific Aim #3: MODELING PERSONAL EXPOSURES BASED ON TIME-
ACTIVITY and MICROENVIRONMENTAL AIR TOXICS CONCENTRATION 
RELATIONSHIPS 
Finally, given the importance of spatial/temporal variability of environmental exposures: 
It was hypothesized that personal exposures to air toxics could be predicted by time-
weighted modeling of micro-environmental air toxics measurements according to specific 
analyte, city and season.  
To determine the influence of microenvironments on personal air toxics exposures in 
high school students in the inner city, the goals of specific aim 3 would be to: 
1). Assess differences in proportion of time spent in various activities of daily living of 
high school students in New York and Los Angeles, and their exposure to different micro-
environments in which air toxics measurements would be performed, by: 
a).  Analyzing and comparing time-activity survey data according to city and season; 
b). Assigning 5 measured micro-environments to specific associated activities across 
cities and seasons and then, 
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2). Assess the relationship between personal exposures to air toxics according to time 
spent in various microenvironments using two methods: 
a). Calculation of coefficients of correlation between time spent in various 
microenvironments and personal air toxics concentrations for each one of the analytes studied in 
TEACH according to city and season; 
b). Regression modeling of personal air toxics exposures based on inputs of time activity, 
microenvironmental air toxics concentrations and knowledge of time-activity patterns of study 
participants, according to city and season.   
Because micro-environmental exposures to air toxics were likely directly linked to 
measured personal exposure to air toxics, this relationship could be assessed if the amount of 
time spent by each subject in these microenvironments and the levels (concentrations) of air 
toxics in each microenvironment was known.  If models incorporating micro-environmental air 
toxics concentrations were coupled with estimates of activities which place urban dwellers in 
these specific microenvironments, reliable assessments of personal exposures to air toxics in 
these urban environments might be possible.  If modeling of personal air toxics is possible using 
this approach, substantial savings of time and resources could be realized.  In addition, a 
modeling approach would be more amenable to repeated assessments of personal exposure in 
longitudinal studies in determining the evolution of air toxics exposures over time.   
The TEACH database provided personal exposure assessments to air toxics via direct 
sampling, and micro-environmental air toxics measurements  that were hypothesized to be 
spatially and temporally linked to personal exposures, and could be assessed based on analysis of 
a detailed log of activities generated by each subject during the sampling period. This would 
permit assessment of time-activity-personal air toxics exposure relationships. It was 
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hypothesized therefore that regression modeling would determine the minimal inputs needed to 
most accurately predict actual measured personal air toxics exposures of high school students 
living, studying and transiting through the complex environment of the inner city. 
In summary, this thesis will examine a unique dataset to answer questions of increasing 
public health importance, as societies in the world become more urban and more populous, 
placing a vulnerable population at increasing risk of exposures to air pollutants.  The TEACH 
dataset permits understanding of the exposures of high school students living in the two most 
populous U.S. cities, which allows assessment of their particle-associated air toxics exposure 
risk, how this risk varies according to city and season as a reflection of the unique characteristics 
of microenvironmental exposures which vary in time and space, and how these changes impact 
urban youth, whose activities uniquely place them in microenvironments of varying air toxics 
risk, in the setting of the complex inner city environment.  The analyses performed in this thesis 
will contribute to a better understanding of the exposure risk of inner city youth living, studying 
and transiting through the inner city, an approach to future assessment of air toxics monitoring 
data of residents in this environment, including estimates of spatial and temporal variance of air 
toxics concentrations, and will assess the ability to predict personal air toxics exposures based on 
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Specific Aim 1:  
Characterization of personal exposures of inner city high school students in New York and  
Los Angeles to particle-associated air toxics.  









The assessment of personal exposures of inner city youth to particle-associated air toxics 
needs to take into consideration the substantial variability of exposures conferred in the inner city 
environment. This variability is conferred by stationary and fixed point sources of air pollution 
located in urban areas, variable emission patterns over time, changing weather patterns and time 
spent in various microenvironments as a result of the activity of individual students in their 
homes, schools and as they transit within the complicated inner city microenvironments 
reflecting the complex topography of urban centers.   
TEACH (Toxic Exposure Assessment: A Columbia-Harvard Study) 
An excellent source of data to assess personal exposures to urban air toxics exposures in 
a susceptible population (high school age), in large US cities is Toxic Exposure Assessment: A 
Columbia-Harvard Study (TEACH).   TEACH was designed to collect and analyze data on 
personal exposures to urban air toxics in high school students located in New York City and Los 
Angeles in 1999 and 2000, to investigate the intensity and characteristics of the exposure and 
factors related to same.   
The TEACH study was conducted in two urban high schools, one in New York (A. Philip 
Randolph High School—located in Harlem, in upper Manhattan; study body ~1500 students) 
open to students from any borough of New York City, whose students were mostly African 
American and Hispanic (Dominican) and one in south-central Los Angeles (Jefferson High 
School; student enrollment~1900), a neighborhood public high school in Los Angeles, whose 
students were predominantly Hispanic (Mexican).  Students at A Philip Randolph high school 
largely lived in a concentrated area, 10-14 blocks (approximately 3 kilometers) from the school, 
although there were several students that resided in the boroughs of the Bronx (5-7 km), Queens 
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(10-15 km) and Brooklyn (15–20 km) away.  In comparison, all students but one from Jefferson 
High School in Los Angeles lived within a radius of approximately 3 km of school. 
A map of the location of testing sites and residences of students participating in each of 
the two studies (New York and Los Angeles) is shown below. 
 
Fig. 1.  New York City TEACH. Location of upwind site (dark circle), school roof site (star) and 
homes of study subjects (triangles).  From NUATRC Research report No. 3. Toxic exposure 







Fig. 2. Los Angeles TEACH.  Location of upwind site (triangle; Catalina Island – insert), school 
roof site (star) and homes of study subjects (circles). From NUATRC Research report No. 9. 
Toxic exposure assessment: A Columbia-Harvard (TEACH) study (The Los Angeles Report), 
2008, p. 16.  
 
The recruitment approach for the TEACH study at both high schools was similar.  
Teachers initially distributed a brief student survey that was administered to a large number of 
students (surveys returned from 611 in NYC and 733 in LA, representing approximately 40% of 
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the student body in each case) to describe the overall characteristics of the student body.  Study 
participants (initially enrollment target was approximately 30 from NYC and 30 from LA, 
though moderate oversampling was allowed) were identified via informational brochures and 
discussion with project staff, in face-to-face meetings in the school. To be eligible, students had 
to be non-smokers and to come from non-smoking families, and needed to be available for 
personal air sampling during the winter and summer.  Interested students were instructed to have 
consent forms signed by their parents or guardians, which were assessed, along with the results 
of student surveys, to assure entry criteria were met.  Students were then contacted by phone and 
invited to participate.  When the required number of students was recruited to the study, 
enrollment ceased.  The studies were approved by the Columbia and Harvard University 
Institutional Review Boards.    
A total of 46 students from New York (38 winter, 41 summer; 33 completed both 
summer and winter phases) and 41 students from Los Angeles (40 winter, 35 fall; 34 completed 
both phases) were studied.   The school enrollment of both schools was approximately evenly 
split between males and females.  There were more female than male survey participants as well 
as more female than male study participants (~2:1).  Aside from gender differences, demographic 
characteristics of the study participants when compared to the overall student body for their 
respective schools, based on the demographic surveys, were found to be similar in each case.  In 
NYC over 50% of students in the study self-identified as Hispanic, 43% as black and 7% as 
Asian or other.  In LA, approximately 95% self-identified as Hispanic, 2.5% (1) as black, 2.5% 
(1) as American Indian. 
Air monitoring was carried out over two seasons in each city: summer and winter in New 
York (1999) and analogous seasons: fall and winter in Los Angeles (2000).  Simultaneous 
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recording from personal, home indoor, and home outdoor data were collected over eight to nine 
weeks from non-smoking households.  In addition, air monitoring was conducted upwind and in 
the city at fixed sites.  The database includes information about home and personal 
characteristics, indoor air exchange rates, and time- activity information.  The sampling program 
for air toxics consisted of 48 hour continuous collection for PM2.5, black carbon, a suite of trace 
elements (up to 28 total), 15 volatile organic compounds and two aldehydes. Personal air 
samplers were BGI personal cyclones with flow split three ways to collect pm 2.5 (4.0 L/min), 
one VOC TDT run at 1.8 standard cm3/min and one C18 aldehyde sampler run at 100 standard 
cm3/min.  Samples were collected on Teflon filters, in plastic cassettes attached downstream 
from a cyclone with a 2.5 micron (µ) aerodynamic cutoff, the first of which was used to collect 
PM2.5, reflectance and total metals.   
Each subject provided information to capture the environmental exposures each 
perceived and activities each pursued during the 48-hr sampling period.  A  time-activity diary 
was completed during the 48-hr personal sampling period which recorded the activities and 
locations of subjects in blocks of time (15 min), including whether the subject was at home, in 
transit, what form of transit was being used (walking, motorbike, bus, train, car or cab) and 
whether the subject was smoking or exposed to smoking.   Recalled 48-hour exposure was also 
assessed at the end of the sampling period, to attempt to obtain more specific information about 
exposures by completing a questionnaire that requested information about time (in minutes) 
pursued in various activities including exposure to air conditioning, vacuuming, cooking/grilling 
and type of fuel used, as well as a measure of the degree of ‘annoyance’ air pollution represented 
to the subject, while at work/school or home. 
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Personal sampling and assessment of activities was collected for 48 hours on Tuesday pm 
to Thursday pm, in groups of 3-5 students per week over each 8-9 week campaign.  Fixed site 
monitoring was performed (sequential 48-hr outdoor sampling) three times each week (Tues pm-
Thursday pm, Thursday pm-Saturday pm and Saturday pm-Monday pm), from the roof top of the 
selected inner city high school, or close alternate site, and an upwind site in each city to assist in 
interpreting the origin of the air toxic exposure. 
The schema used for sampling, common to both studies, is shown below: 
 
Figure 3. TEACH study sampling schematic. From NUATRC Research report No. 9. Toxic 
exposure assessment: A Columbia-Harvard (TEACH) study (The Los Angeles Report), 2008, p. 
12. I=Indoor, O=Outdoor, P=Personal. 
 
The focus of this specific aim is on personal exposure data, to include an analysis of 
concentration of fine particulate matter (PM2.5 ; expressed in mg/m3) and associated trace 
elements that were obtained from personal air samplers and fixed sites in TEACH.  Analysis will 
include the entire suite of trace elements (Al, Sb, As, Be, Cd, Ca, Cr, Cs, Co, Cu, Fe, La, Pb, Mg, 
Mn, Ni, Pt, K, Sg, Se, Ag, Na, S, Tl, Sn, Ti, V, Zn; measured in ng/m3), as well as black carbon 
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(measured by modified reflectance method to  generate absorbance data, correlating with levels 
of black carbon and expressed as the 1/M*105). Special attention was pre-specified for 
particulate matter, black carbon, and five (5) trace elements that may be potentially associated 
with asthma, the major lung disease of adolescents, including pm2.5 (pm2_5), black carbon 
(Abs_coef), Chromium (Cr), Manganese (Mn). Nickel (Ni), Vanadium (V), and Zinc (Zn). 
To consolidate the necessary data, and prepare TEACH data for analysis, SAS 9.2 was 
used to import, merge and structure the datasets.  A description of the methodology used, 
follows.  
  The following datasets from TEACH were downloaded from the Mickey Leland Air 
Toxics Research Center’s Atmospheric and Environmental Research, Inc. website after obtaining 
administrative permissions (https://teach.aer.com/sitemap.php):  la_winter_pm, la_fall_pm, 
la_home_environment, ny_winter_pm, ny_summer_pm, ny_home_environment.   The activity 
data, including the 48-hr questionnaire results (e.g. la_fall_48hrquestionnaire.sa.tdbat, as well as 
for LA winter and NY seasons) and the time activity data (e.g. ny_winter_time_activity_sas7dbat 
as well as for NY summer and LA seasons), were accessed for inclusion in the database that was 
to be analyzed in approaching both exposure assessment (specific Aim 1) as well as to explore 
the relationship of exposure to activity (to be reported in result summary for specific aim #2).  
SAS code for the merging of the databases and samples of code for various analyses performed 
in the thesis is available in the addendum. 
Descriptive data were obtained to display the subject characteristics (number, gender, 
ethnicity, city of origin).  Similarly, trace elements and elemental carbon were examined via 
scatter plots, and histograms, using proc univariate, proc box plot and proc sgplot and 
appropriate <options> statements, were used to determine distribution of the data as a prelude to 
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assessing statistical approach to analysis. Formal diagnostics were performed for PM2.5, each of 
the trace elements and elemental carbon, to assess for skewness, as a measure of approximation 
to normal distribution, and kurtosis, a measure of how peaked or flat the data are, relative to a 
normal distribution.  
A positive or negative value for skewness implies that data are either skewed 
respectively, to the right (the distribution or tail, extends to the right, with values for the mean 
greater than the median) or left. The larger the value, the more skewness.  A negative value for 
kurtosis (platykurtic) implies a flatter distribution (sub-Gaussian), a positive kurtosis 
(leptokurtic) implies a peaked distribution, with longer, fatter tails (super-Gaussian).  In both 
cases, normal curves are most closely approximated the closer the value for skewness or kurtosis 
are to 0.  In addition to visual inspection of the frequency distribution, and these objective 
measures, formal testing of normality was performed in SAS using proc univariate (normal).  
The Shapiro-Wilk test was used to test for assess approximation to normal distribution of raw 
and transformed data.  To allow analysis of data that were not normally distributed, the data were 
transformed (natural log) in SAS to explore effects on normality assessments.  Quadratic 
transformation was also explored in some cases.   
 
Statistical analyses applied to the dataset included generation of estimates of central 
tendency, including means, medians, 25%-75% interquartile range, 95% confidence intervals, 
and the full range of values (max, min) as well as the identification of outliers, via generation of 
box plots.  To assess whether significant differences existed between groups, depending on the 
assumption of normality and the sample size, parametric testing using student’s t test or non-
parametric test (Wilcoxon rank sum) were used.  Given the tenets of the central limit theorem, 
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for the purposes of analysis of this dataset, based on the small sample sizes, notwithstanding 
formal test results for normality, parametric testing was regarded from the outset as the primary 
statistical approach and non-parametric methods were considered to represent a sensitivity 
approach, to assist with inference generated using the primary approach.  
Code was written to combine all relevant TEACH data sets, sorting the data in further 
versions of the program by combining into one analysis dataset, sorted by subject identification 
(I.D.) number using proc sort.  The original dataset was organized in rows, with each data point 
corresponding to subject I.D. followed by different variable names that were listed under a 
column called ‘characteristic’ and the corresponding values placed in a column called ‘response’.  
It was necessary to format the data in a different orientation in order to run the analyses in SAS.  
Thus results of measurements taken for each subject were configured to be in the horizontal 
plane, with all the variables corresponding to that observation, listed in columns.  Data were 
converted from column format to row format using proc transpose in a final version of the 
program named TEACH 1.21.  This enabled creation of datasets that would permit identification 
of variables in a horizontal plane, to facilitate categorical variable, indicator variable creation and 
truth logic, as needed, in subsequent versions of the code. 
Preparation of the dataset subsequently led to the creation of combined categories (e.g. 
city-season), facilitating subset analysis.  Further refinements of the program, to progressively 
address the sub-aims of specific aim 1, included further exploratory data analysis, logarithmic 
and quadratic transformations performed in SAS. 
The analysis dataset thereby configured permitted generation of descriptive statistics such 
as frequency distributions, mean, medians, extreme values, confidence intervals (proc means 
with conditional where statements) to analyze particulate and trace element personal exposures 
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and comparisons across cities and seasons. Some tabulations and data displays were performed 
in test mode using proc tab and proc freq.  Box plots and scatter plots were generated to display 
the data visually, allowing assessment of the distribution of the data, and specific identification 
of outliers.  Additional assessment included bivariate and multivariate analysis, using linear 
(proc reg) and logistic regression (proc logistic or proc GLM), providing a basis upon which 
further analyses specific to the aims of the thesis would be performed.    
 
Statistical methods and approach related to specific aim 1.   
 
ASSESSMENT of AIR TOXICS EXPOSURE 
In this aim, the objective was to understand the extent of personal air toxics exposure of 
HSS who participated in the TEACH study in the urban environment they live, transit and study 
in, based on personal air sampling over 48 hour intervals, in two separate seasons, in individual 
cohorts of HSS from LA and NY, as described in the Methods.  The merged data set yielded 
levels of particulates, pm 2.5 and its constituents: black carbon (using the surrogate of 
absorbance) and a suite of trace elements analyzed, were assessed applying univariate analysis in 
SAS, which provided summary statistics for groups of patients analyzed by city, season and 
selected demographics.  Data generated included means, medians, min, max, measures of central 
tendency and data distribution (calculation of kurtosis and skewness).  Graphical display using 
sgplot function allowed a visual display of the data, providing additional support for 
understanding the distribution of data within the cohort, for each city, according to season, by 
gender, race/ethnicity, allowing a better understanding of the characteristics of individuals at 
potential risk of highest air toxics exposure.    
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Specific analyses were pursued to understand whether differences between cities and 
within a city existed, according to demographic characteristics that were sufficiently sampled 
(gender for LA and gender, race/ethnicity for NY), to assess qualitative or statistically significant 
differences.  To attenuate concerns about the statistical significance of multiple tests performed 
on a large suite of trace elements, which may be due to true differences, or might be the result 
chance, significance testing was reserved initially for the specific analytes pre-specified above as 
being of particular interest: pm2.5, black carbon, Cr, Fe, Mn, Ni, V and Zn.   Other statistical 
testing was regarded as exploratory in nature.  
The distribution of the data was explored via scatter plot displays, histograms and box 
plots.  Data distribution was also assessed by calculation of skewness. In addition, formal tests of 
normality were performed by Shapiro-Wilk test.  Notwithstanding the results of this testing, the 
central limit theorem holds that if a population is non-normal in distribution, the sampling 
distribution of means will be approximately normal for sample sizes regarded as large (i.e. over 
30).  For the majority of analyses required in this thesis, the sample size was equal or greater 
than 30.  Therefore, for data thus assumed to be normally distributed, a comparison of level of 
exposure to PM2.5 and trace element components in HSS in New York and in LA, a proc ttest 
(paired for same city and unpaired for comparisons across cities) was employed to compare 
groups.  In some cases, non-parametric testing (using proc npar) was used as a sensitivity 
analysis.   
In an attempt to create datasets that were normally distributed, logarithmic (natural log) 
and quadratic transformations were performed, and parametric testing pursued as appropriate.  In 
several circumstances, where a substantial number of outliers were observed, a dataset was 
generated to eliminate outliers using criteria for outliers (values falling more than 3 times the 
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interquartile range), as described previously (NY TEACH report).  Additional analyses were 
based on assessment of the median as an estimate of central tendency.  All of these approaches in 
their aggregate, permit a better understanding of the complexities of the dataset and provides 
rationale for analyses of variability, variance, and modeling of personal exposures, based on the 
exposures to air toxics in the diverse microenvironments that exist in the inner city.   
The focus of the comparisons in this aim was to assess risk of air toxics exposures in NY 
and LA and to assess differences in personal exposures of HSS in these cities, as well as 
differences observed according to larger categories of individuals defined by gender, 
race/ethnicity, distance from school, etc. within cities. Since differences between cities can also 
be a function of these characteristics in a complex way, a multifactorial analysis was explored to 
determine whether these factors independently, or in combination, contribute to differences 
observed between exposures to particulate matter, black carbon and trace elements in NY and 
LA, using proc reg for continuous outcome measures (such as a continuous level of a particular 
air toxic), proc GLM for categorical outcomes (which can be performed using categorical 
predictors). In some cases manual selection of factors was pursued, in others, a more automated 
approach was applied by using backwards elimination procedures.  
Data displays (SAS output and graphs) were prepared using output delivery system in 
SAS 9.2/9.3.  
Specific Aim 1: ASSESSMENT of PERSONAL AIR TOXICS EXPOSURES 
The specific goals of the first aim of this thesis were to focus on the actual exposure to air toxics 
of inner city high school students, measured by personal air monitors: 
• To assess air toxics exposure of inner city high school students (HSS) from the two 
largest US cities (NYC and LA) using the TEACH database, and 
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• To determine the levels of fine particulate matter exposures in inner city high school 
students (HSS) assessed by personal monitoring for PM2.5 and constituents, according to 
city of residence (NYC or LA) and season. 
The main objective of this aim was to understand the extent of air toxics exposure of HSS who 
participated in the TEACH study in the urban environment they live, transit and study in, 
comparing data obtained from high school students in New York and Los Angeles by assessing 
exposures, measured by personal air monitors that sampled air to which the students were 
exposed over 48 hour periods, during the school week, as described in the introduction.   
Specific results to be obtained on analysis of the dataset for specific aim 1 included: 
1). Levels of particulates, specifically pm 2.5 and its constituents: black carbon (using the 
surrogate of absorbance) and the suite of all trace elements  
2). Assessment of distribution of the data, using scatter plots, histograms, box plots and tests for 
normality 
o Overall, for each city and season 
o By gender and other demographic characteristics 
3). Assessment of differences between air toxics exposures of HSS from New York and Los 




Specific Aim 1: Results and Interpretation 
1). Levels of particulates, specifically pm 2.5 and its constituents: black carbon (using the 
surrogate of absorbance) and the suite of all trace elements overall and by city and season are 
summarized in the following five tables.   
Overall dataset summarized according to personal exposures to air toxics. 
A summary of the data for levels of pm2.5 and analytes on personal monitoring of HSS in New 
York and Los Angeles, that is, for the entire cohort of HSS students studied in the all seasons, is 
shown in Table 1.  SAS output were obtained using the means procedure.  An overall view of 
values estimating central tendency, including mean, median, SD and estimates of data 
distribution (skewness) are summarized.   
For the combined population of students across cities and seasons, Table 1 displays levels 
of PM2.5 (in mcg/m3), estimates of absorbance (Abs_coef; using the inverse of reflectance 
described in the methods) and measured concentrations (ng/m3) of each of a suite of up to 29 
trace elements (Aluminum to Zinc), displaying the number of individuals sampled (reflecting 
four sampling periods for two sets of subjects, from two cities). 
Across all seasons and both cities, the mean value of pm2.5 was 177.60 mcg/m3 of air 
sampled.  That of absorption is 1.404 (1/M*105 units).  Notable are the highest levels of PM2.5 
constituent analytes for sulfate (S) with a mean value of 1073.97 ng/m3 and the highest median 
of 892.35 ng/m3.  This was followed, based on means and median values, by: Fe, Ca, Na and Al.  
Lowest values for analytes measured include, in order of lowest to higher, based on means: Pt, 
Be, Cs, Tl; based on medians, the order also was Pt<Be<Cs<Tl.   
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The data are notable for the broad range of values for many of the analytes, suggesting 
substantial differences in exposure to different air toxics among subjects participating in the 
study.  Particulate matter (PM2.5) shows a modest difference between the mean of 17.6 mcg/m3, 
and a median of 15.66, likely the result of some higher values that skewed the results (skewness 
of 5.276).  This is confirmed on observation of the maximum value of 119.418, substantially 
greater than the mean and the median. There was no clear reason the apparent outlier value was 
so large that would warrant excluding it from analysis as spurious.  If included, given the degree 
of skewness and the apparent outlier, the median is likely a better measure of central tendency in 
this case, attenuating the effect of the outlier data point.  Hence in this report the comparison of 
analytes summarized based on raw data are given as both mean and median values. 
In regard to absorbance (a surrogate marker for black carbon exposure), measured as the 
inverse of reflectance in units of 1/M*105, notable is a greater than 450 fold difference between 
minimum (0.007) and maximum levels (3.172), but in this case, the value for the median was 
substantially smaller than the mean, suggesting that lower values may have driven the difference 
between mean and median. Notwithstanding these observations, in this case, the low value for 
skewness (0.442) suggests a population distribution across cities and seasons that was close to 
normal. 
For the trace elements analyzed, the vast majority appeared to have been sampled in each 
of the four periods of testing in both study cohorts, reflected in numbers of observations 
approximating the maximum possible, and confirmed on analysis of datasets based on city and 
season subgrouping, with successful sampling of all patients of each cohort in each of the two 
sampled seasons, giving a maximum number of values for any given analyte of 156. Also noted 
is the availability of data for 3 of the 4 seasons; analytes As, Be, Cr, Sc and Se, were not tested in 
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NY in the summer, and Mo was measured just in one season and city (Los Angeles in the 
summer).     
Of the analytes tested, the greatest differences between mean values and median values 
appear to have been from the tests for lead (Pb) and zinc (Zn) where differences between these 
two values exceed two fold and may have been driven by some outliers.  The greatest degree of 
skewness is seen with lead, 12.270. Other values that appear to suggest substantially skewed 
populations include, in order from highest to lower skewness: copper (Cu: 9.71), nickel (Ni: 
8.86), beryllium (Be: 6.70) and aluminum (Al: 6.26).  Those analytes showing the lowest degree 
of skewness, supportive of the greatest approximation to normal distribution, are black carbon 
(absorbance: 0.44), sulfate (S: 0.87) and molybdenum (Mo: 1.16).  None of the trace elements 
demonstrated skewness closer to 0 than sulfate.   
High skewness of certain analyte values in the TEACH database may reflect true and 
variable differences in exposure to these air toxics of the populations of inner city youth studied 
in TEACH, perhaps in sub-populations at disproportionate risk, some element of measurement 
error, or a combination of both.   
NY summer. 
Table 2A displays summary data for PM2.5 and analytes taken from HSS from NY in the 
summer of 1999. The data are notable for a general reduction in the splay of the data, examining 
minimums, maximums and differences between mean values and median values.  The degree of 
skewness of the data is generally also low, except for the values shown for lead, suggesting that 
the observation of differences in the data for lead, for the overall population, were largely the 
result of a single very extreme value nearly 3000 times larger than the minimum level observed 
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for this measure (3329 vs. 1.053).  Skewness for lead is also highest of all analytes (over 6) 
consistent with a result driven by extreme outliers.   
In comparison to the data shown for the overall population, NY summer data appear to 
demonstrate qualitative differences in analytes, despite similar exposure to pm2.5 and black 
carbon, to the averages across all seasons and cities.  Specifically there appear to be lower levels 
of Al, Ca, Mg, Ni, K, Se, Na, Ti and V in New York summer vs. all cities and seasons, and 
higher levels of Fe, Pb, Sn. 
Skewness of the data was greatest in NY summer for Sb and Pb and lowest for V and 
absorbance.   
NY Winter. 
Table 2B shows the summary data for PM2.5 and analytes for New York in the winter. 
The exposure to PM2.5 seemed similar for NY summer and NY winter samples.  Black carbon 
exposure appeared to be slightly higher in the winter than the summer (mean: 1.362, median 
1.321 vs. 1.610 and 1.694, respectively). For most trace elements, winter samples yielded 
generally higher results.  Specifically, levels for aluminum, antimony, calcium, cobalt, iron, 
manganese, nickel (~ two fold), sodium (~40% increase), thallium (~40%), titanium (~20%), 
vanadium (80%) and zinc (50% or so increase median value) appeared higher in the winter vs. 
the summer.  A lower point estimate based on the median value, in the winter versus the summer 
in New York was seen only for sulfate (840 vs. 960). 
Skewness of the data in the winter was modest, ranging from 0.043 for black carbon 




PM2.5 values for LA in the fall are shown in Table 2C.  Notable is the level of PM2.5 that was 
similar to the value overall for the entire study.  Black carbon levels appear slightly lower, as do 
black carbon levels, antimony (Sb), copper (Cu), iron (Fe), lanthanum (La), nickel (Ni), silver 
(Ag), and thallium (Tl) levels.  Higher levels were noted compared to the overall exposures for 
aluminum (Al), calcium (Ca), magnesium (Mg), manganese (Mn), sodium (Na; nearly 50% 
increased based on median values), sulfate (S), tin (Sn; levels were more than double based on 
median values), titanium (Ti; 80% increase) and vanadium (V; approximately 30% increase 
based on median levels).  The remainder of the elements displayed in the suite of analytes tested 
appeared similar to those shown for the overall cohort. 
LA winter. 
LA winter values for particulates and analytes are shown in Table 2D.  Compared to the LA fall 
values, particulates in the winter in LA were similar, while black carbon levels were slightly 
higher.  For the analytes, levels were higher in the winter than the fall in aluminum, beryllium, 
cadmium (greater than 50%), calcium, cesium, copper, iron, (50%), lanthanum, manganese,  
nickel, platinum, potassium, thallium, and probably zinc (Zn; based on the median level). 
Lower levels in the winter in LA vs. the fall were noted for lead, silver (~50%), sodium 
(~50%), sulfate (50-70% lower), tin, and vanadium (40-70% lower).  The other analytes in Los 




Gender and other demographic comparisons across the dataset overall. 
To assess potential contributions of gender, grade in high school and race across the dataset on 
pm2.5, absorbance levels and analytes, subgrouping of the database was performed.  Results for 
descriptive statistics were assessed and summarized here. 
In terms of gender, the exposure to particulates and their components appeared to be 
fairly similar.  Males appeared to have higher mean exposures to pm2.5 (19.47) vs females 
(16.63); absorbance was slightly lower for mean values in males (1.39) vs. females (1.43).  For 
pre-specified analytes, higher levels in males vs. females were noted for Cr (2.27 vs. 2.02), Mn 
(6.33 vs. 5.20), V (4.79 vs. 3.13) and Zn (97.25 vs. 93.40) but lower levels were observed for Ni 
(23.15 vs. 31.78).  Formal statistical testing was not performed for these comparisons. 
In regard to grade level, there appeared to be somewhat higher levels of exposure to 
pm2.5 as a student ascended in grade level, with grade 9 recording the lowest levels of exposure 
(mean 16.66, median 14.38) and grade 12 the highest (mean 18.50, median 15.70).  For black 
carbon, amounts did not appear to differ, with means ranging from 1.34 to 1.58.  For the pre-
specified analytes , Cr appeared highest in 12th grade, lowest in 9th, Mn highest in 12th grade, 
lowest in 9th, Ni highest in 10th grade (48.48, 18.30, mean, median, respectively).  Ni levels were 
lowest by measured mean in 11th (13.54) and lowest on the basis of the median in 9th (12.93).  
No other clear patterns were noted, when examining the influence of grade alone on raw analyte 
levels for the analytes overall. 
With respect to race, the dataset provides information about the two main, self-reported 
races, ‘black’ and ‘other race’.  Although additional race categories captured by the TEACH 
questionnaire included Asian, American-Indian and White, there is a paucity of information with 
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respect to the other races which participated only in small numbers, not allowing an analysis of 
trends.  ‘Blacks’ compared to ‘other race’ showed lower levels of pm2.5 (mcg/m3; 15.08, 14.08 
vs. 18.39, 15.40, mean, median values respectively), similar levels of black carbon exposure (in 
units of 1/M*105) 1.40, 1.36 vs. 1.38, 1.39, mean, median, respectively). With respect to the 
analytes (in ng/m3), increased levels of certain trace elements were noted rarely in’ black’ vs. 
‘other race’.  Fe (651.62, 425.56 vs. 311.66, 153.00, respectively), and Mn (7.39, 5.85 vs. 5.34, 
3.47) were the only two examples where this occurred, whereas levels of trace elements were 
numerically lower for blacks vs. other races for several analytes, including Al (72.60, 50.72 vs. 
151.80, 113.83), Mg (30.30, 27.10 vs. 60.69, 43.69), K (58.02, 51.71 vs. 92.22, 62.45), Se (0.51, 
0.32 vs. 1.12, 0.84), Na (106.44, 117.67 vs. 196.61, 153.32), Sn (2.07, 1.08 vs. 3.34, 2.44), Ti 
(5.00, 4.16 vs. 10.55, 6.34) and Zn (34.83, 23.64 vs. 70.33, 32.54).  
PM2.5 , black carbon and analytes were also assessed on the basis of descriptive statistics 
for self-identified ethnicity of Hispanics vs. non-Hispanics. PM2.5 levels were numerically lower 
in Hispanics vs. non-Hispanics (17.14, 15.40 vs. 19.56, 15.43), whereas black carbon levels were 
similar.  For the elements, Hispanics had numerically higher values for Al (147.47, 99.72 vs. 
84.01, 53.90), Ca (204.85, 152.67 vs. 129.21, 77.55), Pb (37.44, 6.24 vs. 13.14, 4.00), Mg 
(61.32, 42.40 vs. 36.84, 28.34), Ni (32.08, 15.34 vs. 16.64, 11.57).  Cr and Mn tended to be 
higher in non-Hispanics than Hispanics.  V levels were slightly higher in Hispanics vs. non-
Hispanics (4.68, 4.86 vs. 4.11, 3.82), whereas Zn levels appeared to be substantially higher in the 
Hispanic subgroup than in non-Hispanics (82.00, 38.00 vs. 39.39, 23.86).     
It should be noted that substantial differences existed in the representation of black vs. 
non-black students across cities in TEACH. The majority of students in the New York study self-
identified as ‘black’ and the majority of students in Los Angeles as ‘Hispanic’.  Thus differences 
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noted in the pattern of exposures for the subgroups above may well reflect differences between 
cities rather than across ethnicities as well as differences in the time spent in various 
microenvironments, not addressed in this specific aim. 
2). Assessment of distribution of the data, using scatter plots, histograms, box plots and tests for 
normality 
The summary statistics described above focused on measures of central tendency.  Each of the 
analyses described above was focused on one characteristic of the subjects whose measurements 
were reported).  In addition, although the central tendency provides a glimpse of the population 
tested as a whole for each of those characteristics, the central tendency can obscure important 
differences in the groups that can only be revealed by analyzing the distribution of data. Because 
of the diversity of the TEACH population (with data obtained from different cities, seasons, in 
subject of different race, ethnicity, grade level, etc.), especially important to the assessment of 
TEACH data is to examine the distribution of data, since this can uncover differences within a 
dataset by category of city, season and various potentially important demographic characteristics. 
a). By city and season focused on pm2.5 and analytes 
Histograms 
Using SAS proc univariate with “histogram” option, histograms were prepared to demonstrate 
the distribution of values for pm 2.5, absorbance and each of the analytes, overall for the entire 
study cohort as well as by each city, season pair.  Figure 3 displays the results, demonstrating a 
somewhat left skewed distribution of data, which is confirmed on many of the analyses 





Using SAS proc univariate with “scatter” option, a single scatter plot was prepared to 
demonstrate the distribution of values for pm 2.5, absorbance and each of the analytes, overall 
and by each city, season analogue.  Figure 4 demonstrates scatter plots for each analyte across 
cities and seasons (NY-Summer, NY-Winter, LA-Fall and LA-Winter).  With few exceptions, 
the data are generally right skewed, with the tails extending to the higher values. Abs_coef 
appears to be normally distributed across cities and seasons.   
Box plots 
Proc boxplots were generated to display individual boxplots by city and season for pm2.5, 
absorption coefficient and all analytes based on raw values that showed substantial right skewing 
(not shown).  Because of large differences in the absolute values across analytes, and the 
distribution of data on scatter plots (Fig. 4) indicating marked right skewing for the majority of 
analytes, to facilitate comparison across cities and seasons,  analyte levels were logarithmically 
transformed, and boxplots (Tukey with 95% whiskers) were generated to show the 25-75 
interquartile range (box); whiskers represents 95% bounds, and the circles outside of the 
whiskers represent outliers (those values that exceed the 95th percentile or are lower than the 5th 
percentile).  These displays show the marked differences in absolute concentrations in air toxics, 
with evidence of some data points that are indicated to be outliers.  Logarithmic transformation 
was displayed graphically to examine its effects on the apparent distribution of data. The 





Assessing data distribution 
The assessment of distribution of the data for pm2.5, measures of black carbon and 
analytes revealed that in general, the data appeared to deviate from perfectly normal 
distributions, generally displaying characteristics of data that were skewed rightward.  That is, 
for most of the analytes, with a few exceptions to be discussed below, the data showed grouping 
of results with individual values that separated from the mean values, representing individuals 
that may have been exposed to higher levels of the analyte of interest, or perhaps as a result of 
measurement error.  Measurement error was in part, adjusted for in this dataset via the use of 
field blanks, which thereby accounted for processes that may have contributed to a detectable 
measurements that were not related to actual presence of the analyte on Teflon filters. 
Notwithstanding this approach, measurement error as a factor in the generation of outlier data, 
cannot be totally excluded.  However, given that in the majority of cases, the data were skewed 
in a non-random way (driven at times by values substantially greater, rather than lower than the 
mean), it would seem that the outlier measurements represented individuals truly at higher risk of 
exposures, rather than measurement error alone, since the latter should have occurred randomly, 
in the direction of overestimation, as well as underestimation, of the measurement. 
To address the skewness of the data distribution and attempt to understand the main 
factors responsible overall for this observation, raw data were transformed. Logarithmic and 
quadratic transformation were pursued and analysis of a dataset that excluded outliers (defined as 
those observations exceeding 3 times the interquartile range) was performed.  Results according 
to city and season are summarized in Tables 3 and 4.   
When compared to data displayed in Tables 2A-D, logarithmic transformation of analyte 
data shown in Tables 3A-D demonstrated a marked reduction in the skewness scores for 
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individual analytes in each city and season.   This was the case for nearly all analytes, with the 
exception for black carbon, where, in almost every city and season, the skewness score increased 
(for LA Fall: -.508 to -2.408; LA Winter: 0.671 to -.4980; NY Summer: .320 to -.4.768; NY 
Winter: 0.043 to -1.841), indicating for most of these, substantial separation rather than 
approximation to the normal distribution.   Thus for all the analytes examined, log transformation 
generally improved approximation to normality. For Abs_coef, the distribution of raw data was 
closest to normally distributed.  
With respect to removal of extreme outliers, data shown in Table 4 A-D showed that 
although removal of outliers reduced skewness scores, this removal led in some cases to 
substantial reduction in the number of observations that were retained and did little to improve 
skewness scores to an extent of that resulting from logarithmic transformation.  It was concluded 
that for all analytes, with the exception of black carbon, logarithmic transformation yielded best 
approximation for the vast majority of analytes to the normal distribution.   
To compare the effect of data transformation on the distribution of data and 
approximation to normal distribution which would facilitate statistical analyses, mean, median 
values an skewness scores calculated for each of the analytes overall (across cities and seasons) 
for raw data, logarithmically transformed data and quadratic transformations are compared with 
respect to effect on mean and median values and skewness scores.  Results are summarized in 
Table 5.   
High skewness scores for the raw data reflect the generally right skewed distribution of 
measured analyte levels irrespective overall.  Notable were dramatic differences in effects on 
skewness according to the transformation performed. Log transformation for all the analytes 
except Abs_coef substantially reduced skewness for almost all analyte measurements, although 
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for some analytes, an important degree of skewness remained after the transformation albeit  
substantially lower than raw data skewness scores (over a value of 1; Pb, K, Be, Zn and V in 
decreasing order). In the case of black carbon measurement (absorption), logarithmic 
transformation resulted substantially increasing the degree of skewness, which appeared optimal 
for raw, non-transformed data.  In no case did quadratic transformation improve degree of 
skewness relative to the raw values.   
Formal normality testing was then performed on both the raw, and log transformed data.  
Results for the Shapiro-Wilk test of normality using proc univariate with the <normal> option), 
are displayed in Table 6. Notable is that not one analyte, expressed in raw data units, met criteria 
based on Shapiro-Wilk test, which would have confirmed a normal distribution.  In contrast, for 
logarithmically transformed data, Shapiro-Wilk test generally moved toward unity (1) or the p-
value became less significant. Thus, as was the case for analysis of skewness scores, log 
transformation moved the parameter estimate used for assessment of normal distribution (in the 
case of univariate analysis, skewness approximating 0; in Shapiro-Wilk, the W statistic 
approaching a value of 1), towards meeting criteria for a distribution approximating normality.   
Results of normality testing for individual analytes, across cities and season, including 
the W test statistic and p-value (in this case, significant p-values indicated rejection of the null 
hypothesis that the data were normally distributed) are displayed in Table 6.  With log 
transformation, Al, Cd, Ca, Cr, La, Mn, Mo, Ni, Pt and Ag clearly met criteria for normality.  Of 
the pre-specified analytes, although log Cr, log Mn and log Ni were normally distributed, log pm 
2.5, log V and log Zn, albeit approaching more normal distributions, did not meet the strict 
Shapiro-Wilk criteria of normality.  Consistent with earlier analyses, log black carbon (measured 
as the inverse of reflectance), separated further away from Shapiro-Wilk calculation of normal 
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distribution after log transformation compared to the raw values, as would have been predicted 
based on changes of skewness after log transformation. Quadratic transformation of data yielded 
results that were similar to the raw data in that none of the analytes transformed in this way met 
criteria for a normal distribution (not shown).  It was concluded that the majority of analytes 
approximated a normal distribution when their values were log transformed.  Absorbance was 
closest to meeting the criteria for normal distribution when assessed as raw values and less so 
when log transformed. 
3). Assessment of differences between air toxics exposures of HSS from New York and Los 
Angeles, where appropriate, testing level of significance. 
To test the hypothesis that differences in exposure occurred to various analytes, in different 
cities, during different seasons of the year, or across cities and seasons, parametric testing of raw 
data, parametric testing of log transformed data and non-parametric testing of raw (and in some 
cases, log transformed data) were pursued.  Since students in each city were largely tested in 
both seasons, the use of paired or unpaired methodologies was pursued for within city and across 
city comparisons, respectively.  Proc ttest and proc npar were performed in SAS.  The results of 
this testing are displayed in Tables 7-8. 
Comparisons across the various cities and seasons, could be examined across seasons in 
the same city, or across cities in the same season (winter), or analogous seasons (e.g. fall in Los 
Angeles and summer in New York).  These comparative analyses were conducted using 
information for city-season pairings: NY-Summer, NY-Winter, LA-Fall, and LA-Winter.  
Table 7 shows the results of paired comparisons (by parametric testing) for the 
particulates and analytes (both raw and log transformed) across seasons by city in New York and 
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Los Angeles.  Since the majority of students participated in both seasons, paired t-testing was 
deemed to be the most appropriate analysis for these comparisons.  Displayed are differences, 
generally lower overall, in personal exposures in NY Summer compared to NY Winter for 
several air toxics components, including black carbon, Al, Co, Fe, Mn, Ni, K, Na, V, while Ca 
was higher in New York in the summer than in the winter. For Los Angeles, Al, Cd, Ca, Cu, Fe, 
Mn, Ni, and Zn were higher in the winter than the fall and Sb, Cs, Na, V were higher in the fall 
than the winter. 
Table 8 summarizes comparisons made between New York and Los Angeles across 
analogous seasons: summer and fall for New York and Los Angeles, respectively, and in the 
winter for both cities using unpaired t-tests performing the analysis using both raw and log 
transformed analyte levels.  The statistical significance is shown for each comparison. Results 
showed that significant differences in analyte values were demonstrated in the summer season in 
New York compared to the fall Los Angeles for either raw or log transformed (log) data for: Al 
(both), Be (raw), Ca (both), Cs (raw), Co (both), Cu (log), Fe (both), Mg (both), Mn (raw), Pt 
(log), K (both), Sc (both), Se (both), Na (both), S (raw), Tl (both), Sn (both), Ti (both), V (raw).   
In the comparison of New York to Los Angeles analytes in the winter, significant differences 
were detected for Al (log), Ca (both), Co (both), Fe (both), Mg (both), Mn (log), Ni (log), Pt 
(both), Ag (both), S (log), Tl (both), Sn (both), Ti (both), and V (both).  Log transformation 
appeared to lead to increased numbers of analytes that were shown to be statistically significantly 
different when assessed relative to comparisons using raw values, suggesting that transforming 
the data to approximate a normal distribution enhanced the ability to detect significant 
differences between groups.   Thus, differences in personal exposures to air toxics occurred both 
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between cities and across seasons, and these differences were demonstrated best in parametric 
tests on log transformed data. 
Non-parametric testing was also performed using Wilcoxon rank sum test, supplemented 
by ANOVA. Non-parametric testing on raw values was performed as a sensitivity analysis, given 
the non-normal or imperfectly normal distribution of analyte levels across cities and seasons. 
Wilcoxon rank sum test would provide reliable estimates of significance, since data are analyzed 
by group and rank within group, diminishing distributional characteristics based on actual 
magnitude of the values of the samples. 
Results were in general agreement with respect to significant differences in the 
summer/fall between New York and Los Angeles for a broad spectrum of particle-associated 
elements, including Al, Sb, Ca, Co, Cu, Fe, Mg, Pt, K, Sc, Se, Na, S, Tl, Sn, Ti, V but of the pre-
specified analytes of interest, not for pm2.5, black carbon, Cr, Ni or Zn.  Although generally in 
agreement, in some cases, ANOVA testing showed significance whereas Wilcoxon did not: Be, 
Cr, Mn, where for Cu, Pt Wilcoxon was significant whereas ANOVA was not. 
For the analysis of winter data, significant differences in analytes comparing New York to Los 
Angeles occurred for Al, Cd, Ca, Cs, Co, Fe, La, Mg, Mn, Ni, Pt, Ag, S, Tl, Sn, Ti, V. Of the 
pre-specified analytes, Pm2.5, black carbon, and Zn did not demonstrate significantly different 
values.  In addition, ANOVA testing was significant, but Wilcoxon was not for Sc, and vice 





Summary and conclusions 
Analysis of the TEACH database for the patterns of exposures to particulate air toxics 
yielded the following main findings: 
1). A generally right skewed distribution of personal air toxics exposures was observed in New 
York and Los Angeles, across seasons. Although less notable, this pattern was also observed 
even when extreme outliers were removed. The distribution of data therefore appeared generally 
consistent with populations that include individuals at substantially higher risk of exposure.  The 
central tendency was best estimated using median values and log transformation provided an 
analysis dataset that met near normal distributional characteristics. 
2).   There were generally similar levels of particulate exposures (PM2.5) across cities and 
seasons.  Levels of PM2.5 in Los Angeles in the fall tended to be slightly lower than winter 
levels in Los Angeles and modestly lower than fine particulate matter levels (PM2.5) in New 
York in either season.  This suggested that great similarity existed for the level of PM 2.5 in 
microenvironments to which students in Los Angeles and New York were exposed, which may 
have been due to similar microenvironmental concentrations of particulates or potentially could 
be explained by real differences in microenvironmental concentrations of fine particulates across 
cities and seasons that might have been obscured by differences in exposures to various 
microenvironments driven by personal exposures reflecting a different  mix of activities students 
pursued in the two cities and two seasons in those microenvironments. 
3). With respect to black carbon (assessed via absorbance, the inverse of reflectance), generally 
higher levels of personal exposures during the winter months were observed, most prominently 
in New York.  Such high levels may have reflected higher exposures to traffic-related pollution. 
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4). Highest levels of PM2.5 components were observed for sulfate (S), which was especially 
prominent during the winter months, though similar in New York and Los Angeles. 
5). In terms of the levels of trace elements pre-specified for focus due to their potential to 
produce lung disease (Cr, Fe, Mn, Ni, V, Zn), except for chromium, which exhibited higher 
mean and but not median personal exposures in Los Angeles during the winter, and Ni, lower in 
New York in the summer, all other personal exposures tended to be highest in New York in the 
winter.   Since personal exposures reflect elements of microenvironmental exposure as well as 
amount of time spent in that microenvironment, this observation may point to a source of these 
trace metal air toxics in New York, not found in Los Angeles, likely the New York subway 
system.   
6).  Variable differences in exposure were noted with respect to gender, race, ethnicity, grade 
level, across cities and seasons, which, although without an identifiable pattern, likely reflected  
local environmental exposures and time-activity patterns in adolescents of different ages, living 
in different cities. 
7). Logarithmic transformation of raw analytes values generally led to best approximation to the 
normal distribution, except for black carbon, which demonstrated closest approximation to the 
normal distribution without data transformation. 
It was concluded that substantial differences in personal exposures to particle-associated 
air toxics amongst high school students could be observed when comparing levels across seasons 
in two large American cities.  These findings likely reflected the differences in levels of air 
toxics found in the indoor and outdoor environments, from varied point sources of air toxics, 
both stationary as well as mobile, coupled with the effects of the three dimensional physical 
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environment of these distinct cities, specific climatologic conditions, as well as the time spent in 
different microenvironments while pursuing daily activities in these cities by the high school 





Table 1: Summary of particulates and analytes overall: Personal exposures. 
 
 





























































































































































































































































































Table 2A.  Summary of particulate analytes: Personal exposures NY Summer. 
 
































































































































































































































































































Table 2B. Personal exposures NY Winter 
 
 
































































































































































































































































































Table 2C: Personal exposures: LA Fall 
 
 
































































































































































































































































































Table 2D: Personal exposures: LA Winter 
 
 































































































































































































































































































Table 3A: Personal exposures amongst males. 
 



































































































































































































































































Table 3B: Personal exposures amongst females 
 






























































































































































































































































        
Table 4. Median personal exposures by grade level. 
 
New York 9 10 11 12 
 N Median N Median N Median N Median 
Analyte         
PM2.5 (μg/m3) 15 14.377 34 15.491 80 15.367 15 15.702 
Abs (1/m * 
105) 
15 1.538 34 1.464 80 1.300 16 1.400 
Aluminum (Al) 12 61.791 26 85.797 68 98.631 10 56.347 
Antimony (Sb) 15 0.804 34 0.942 78 0.970 15 1.235 
Arsenic (As) 10 0.383 22 0.401 67 0.347 9 0.418 
Beryllium (Be) 10 0.002 22 0.002 67 0.002 9 0.002 
Cadmium (Cd) 15 0.208 34 0.199 78 0.190 15 0.247 
Calcium (Ca) 15 104.678 34 140.324 78 146.028 15 98.134 
Cesium (Cs) 15 0.005 34 0.005 78 0.005 15 0.006 
Chromium (Cr) 10 1.831 22 1.117 66 1.413 9 2.433 
Cobalt (Co) 15 0.592 34 0.812 78 0.163 15 0.649 
Copper (Cu) 15 7.010 34 7.233 78 5.236 15 8.997 
Iron (Fe) 15 259.959 34 180.248 78 144.319 15 328.084 
Lanthanum 
(La) 
15 0.373 34 0.503 78 0.360 15 0.523 
Lead (Pb) 15 4.378 34 7.196 78 5.306 15 7.172 
Magnesium 
(Mg) 
15 30.606 34 35.596 78 44.117 15 25.907 
Manganese 
(Mn) 
15 4.786 34 3.395 77 3.507 15 5.555 
Molybdenum 
(Mo) 
2 0.348 4 0.171 22 0.378 2 0.984 
Nickel (Ni) 15 12.964 34 18.301 78 13.539 15 11.798 
Platinum (Pt) 14 0.001 31 0.001 66 0.002 14 0.001 
Potassium (K) 15 55.670 34 57.514 78 62.650 15 65.304 
Scandium (Sc) 10 0.007 22 0.008 68 0.009 9 0.010 
Selenium (Se) 10 0.687 22 0.311 67 0.938 9 0.433 
Silver (Ag) 15 0.078 34 0.053 78 0.082 15 0.070 
Sodium (Na) 13 135.793 31 138.482 76 150.444 14 111.832 
Sulfur (S) 15 739.141 34 928.369 78 825.759 15 967.652 
Thallium (Tl) 12 0.010 31 0.008 69 0.006 14 0.008 
Tin (Sn) 15 1.499 34 1.340 78 2.468 15 1.304 
Titanium (Ti) 15 5.158 34 5.724 78 6.097 15 4.412 
Vanadium (V) 15 3.911 34 5.075 78 3.972 15 5.736 









Table 5A: Personal exposures: Blacks 































































































































































Table 5B. Personal exposures: Other race 
































































































































































Table 5C. Personal exposures in Hispanics 































































































































































Table 5D: Personal exposures. Non-hispanics 

































































































































































Raw, logarithmic and quadratic transformations:  
Effect on skewness 
 
Analyte                Mean          Median        Skewness 
____________________________________________________________ 
PM2_5                 17.601          15.366           5.276 
logPM2_5               2.752           2.732           0.841 
quadPM2_5            450.521         236.128           9.423 
 
Abs_coef               1.404           1.358           0.442 
logAbs_coef            0.217           0.306          -4.044 
quadAbs_coef           2.288           1.844           1.807 
 
Al                   133.669          92.050           6.261 
logAl                  4.554           4.522           0.365 
quadAl             44671.479        8473.220          10.734 
 
Sb                     2.426           0.976           8.553 
logSb                  0.107          -0.024           2.579 
quadSb               105.728           0.953           8.997 
 
As                     0.421           0.384           5.128 
logAs                 -0.976          -0.958           0.458 
quadAs                 0.244           0.147           9.609 
 
 
Be                     0.003           0.002           6.703 
logBe                 -6.217          -6.181          -1.205 
quadBe                 0.000           0.000          10.442 
 
Cd                     0.260           0.201           3.418 
logCd                 -1.578          -1.607           0.285 
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quadCd                 0.116           0.040           6.751 
 
Ca                   186.554         115.232           3.830 
logCa                  4.867           4.747           0.350 
quadCa             74559.082       13278.472           9.250 
 
Cr                     2.063           1.431           5.591 
logCr                  0.303           0.358          -0.047 
quadCr                11.703           2.047           9.826 
 
Cs                     0.007           0.005           5.885 
logCs                 -5.200          -5.266           0.569 
quadCs                 0.000           0.000          11.295 
 
Co                     0.560           0.353           2.139 
logCo                 -1.194          -1.041          -0.024 
quadCo                 0.698           0.125           5.273 
 
Cu                    10.764           6.492           9.706 
logCu                  1.914           1.871           1.431 
quadCu               807.736          42.142          12.138 
 
Fe                   367.201         174.110           2.297 
logFe                  5.340           5.160           0.486 
quadFe            343582.461       30314.180           4.661 
 
La                     0.539           0.421           5.972 
logLa                 -0.887          -0.865          -0.159 
quadLa                 0.583           0.177          11.286 
 
Pb                    31.139           5.626          12.270 
logPb                  1.865           1.727           3.447 




Mg                    57.484          36.780           4.250 
logMg                  3.699           3.605           0.479 
quadMg              8142.983        1352.769           7.615 
 
Mn                     5.575           3.650           2.114 
logMn                  1.406           1.295           0.279 
quadMn                55.734          13.320           5.018 
 
Mo                     0.412           0.376           1.158 
logMo                 -1.061          -0.979          -0.483 
quadMo                 0.226           0.141           2.676 
 
Ni                    28.000          14.587           8.861 
logNi                  2.713           2.680           0.208 
quadNi              4552.321         212.788          12.051 
 
Pt                     0.002           0.001           2.079 
logPt                 -6.512          -6.533           0.117 
quadPt                 0.000           0.000           4.017 
 
K                     84.634          61.323           3.880 
logK                   4.206           4.116           1.233 
quadK              14328.953        3760.514           5.577 
 
Sc                     0.014           0.009           5.322 
logSc                 -4.627          -4.676           0.591 
quadSc                 0.001           0.000           8.860 
 
Se                     1.043           0.593           1.437 
logSe                 -0.452          -0.523          -0.023 




Ag                     0.106           0.075           2.187 
logAg                 -2.546          -2.595           0.282 
quadAg                 0.020           0.006           4.160 
 
Na                   185.471         142.576           1.628 
logNa                  4.998           4.960           0.066 
quadNa             52748.567       20328.025           2.816 
 
S                   1073.966         892.395           0.869 
logS                   6.751           6.794          -0.258 
quadS            1632446.238      796368.531           2.342 
 
Tl                     0.009           0.007           2.093 
logTl                 -5.023          -4.988          -0.724 
quadTl                 0.000           0.000           3.463 
 
Sn                     2.979           1.614           2.260 
logSn                  0.711           0.479           0.426 
quadSn                17.744           2.606           5.261 
 
Ti                     9.276           5.890           5.169 
logTi                  1.912           1.773           0.611 
quadTi               189.234          34.692          11.149 
 
V                      4.567           4.421           1.468 
logV                   1.284           1.486          -0.672 
quadV                 29.302          19.548           5.608 
 
Zn                    71.087          32.536           3.991 
logZn                  3.664           3.482           0.907 
quadZn             20013.674        1058.620           5.610 
_____________________________________________________________ 





Shapiro-Wilk test for normality. Raw and log transformed values for particulates and components. 
 
Analyte W statistic P-value Log analyte W statistic P-value 
      
pm2.5 0.566 <0.0001 Log pm2.5 0.940 <0.0001 
Abs_coef 0.978 <0.0001 Log Abs_coef 0.690 <0.0001 
      
Al 0.506 <0.0001 Log Al 0.99 0.348* 
Sb 0.143 <0.0001 Log Sb 0.80 0.0001 
As 0.618 <0.0001 Log As 0.97 0.004 
Be 0.468 <0.0001 Log Be 0.91 0.001 
Cd 0.684 <0.0001 Log Cd 0.99 0.240* 
Ca 0.658 <0.0001 Log Ca 0.98 0.058* 
Cs 0.561 <0.0001 Log Cs 0.98 0.010 
Cr 0.516 <0.0001 Log Cr 0.99 0.291* 
o 0.772 <0.0001 Log Co 0.96 0.0001 
Cu 0.220 <0.0001 Log Cu 0.91 <0.0001 
Fe 0.687 <0.0001 Log Fe 0.96 0.0002 
La 0.560 <0.0001 Log L 0.98 0.112* 
Pb 0.071 <0.0001 Log Pb 0.73 <0.0001 
Mg 0.549 <0.0001 Log Mg 0.96 <0.0005 
Mn 0.776 <0.0001 Log Mn 0.98 0.078* 
Mo 0.918 0.0166 Log Mo 0.975 0.651* 
Ni 0.308 <0.0001 Log Ni 0.987 0.179* 
Pt 0.797 <0.0001 Log Pt 0.989 0.421* 
K 0.538 <0.0001 Log K 0.918 <0.0001 
Sc 0.495 <0.0001 Log Sc 0.988 <0.0001 
Se 0.811 <0.0001 Log Se 0.974 0.02 
Ag 0.762 <0.0001 Log Ag 0.989 0.248* 
Na 0.820 <0.0001 Log Na 0.978 0.019 
S 0.921 <0.0001 Log S 0.969 0.0018 
Tl 0.769 <0.0001 Log Tl 0.949 <0.0001 
Sn 0.750 <0.0001 Log Sn 0.965 0.0007 
Ti 0.580 <0.0001 Log Ti 0.965 0.0006 
V 0.901 <0.0001 Log V 0.929 <0.0001 
Zn 0.462 <0.0001 Log Zn 0.942 <0.0001 
*Indicates meeting Shapiro-Wilk criteria for normality.  






Parametric testing for difference in personal analyte values. 
Comparison between seasons, within cities. 
(Mean differences in raw values; paired t-test p-values) 
 
 NY Summer vs. NY Winter LA Fall vs. LA Winter 
Analyte Mean Diff p-value Mean Diff p-value 
     
PM2.5 2.822 .4818 -1.355 .6312 
Absorbance -.1431 .4166 -.3711 .0007 
Al -33.77 .0239 -96.51 .0630 
Sb -1.090 .8121 -.2342 .2640 
As . . .0180 .7152 
Be . . -.00135 .2350 
Cd -.0759 .3434 -.1416 .0009 
Ca -52.88 .0007 -180.7 .0053 
Cs -.0046 <.0001 -.00269 .1872 
Cr . . -1.4321 .0768 
Co -.4991 .0020 -.1340 .0022 
Cu -4.397 .0143 -12.434 .1924 
Fe -127.7 .4785 -79.837 .0264 
La -.1098 .1230 -.0795 .4336 
Pb 108.4 .3718 1.820 .5603 
Mg -22.208 .1261 -48.216 .0391 
Mn -1.593 .3367 -2.770 .0304 
Mo . . . . 
Ni -35.259 .1647 -9.594 .3314 
Pt .00067 <.0001 -.00184 .0041 
K -9.3053 .2694 -46.5245 .1280 
Sc -.0931 . -.00637 .2351 
Se . . .0989 .7330 
Ag -.0312 .1312 -.0829 .0003 
Na -44.8534 .0248 119.4 .0013 
S 19.1319 .9140 855 <.0001 
Tl -.00416 .0337 -.00411 .0528 
Sn .3989 .2846 .3816 .5767 
Ti -.6449 .1544 -5.3681 .1314 
V -2.4568 .0020 2.9935 <.0001 






Parametric testing for difference in personal analyte values (log-transformed). 
Comparison between seasons, within cities. 
 (Mean differences in log values; paired t-test p-values) 
 
 NY Summer vs. NY Winter LA Fall vs. LA Winter 
Log Analyte Mean Diff p-value Mean Diff p-value 
     
PM2.5 .0019 .99 -.105 .9401 
Absorbance 
(raw) 
-.2181 .2782 -.0105 .9401 
Al -.5159 .0164 -.3711 .0007 
Sb -.2231 .4417 .4412 .0074 
As . . .0702 .5278 
Be . . -.5592 .0217 
Cd -.3994 .0230 -.6327 <.0001 
Ca -.5132 .0002 -.6032 .0004 
Cs -.6923 <.0001 -.2897 .0547 
Cr . . -.4590 .0124 
Co -.4640 .0001 -.5781 .0025 
Cu -.4480 .0035 -.5808 .0020 
Fe -.4500 .1878 -.3766 .0136 
La -.2667 .0685 -.1286 .4532 
Pb -.0869 .7786 -.0430 .7351 
Mg -.3409 .0890 -.4126 .0374 
Mn -.3941 .1181 -.3867 .0286 
Mo . . . . 
Ni -.6607 .0022 -.3486 .2195 
Pt .6422 <.0001 -.5739 .0026 
K -.1699 .0977 -.2517 .1731 
Sc . . -.3222 .0786 
Se . . .1811 .4331 
Ag -.2520 .1433 -.8253 <.0001 
Na -.2673 .0480 .6210 .0004 
S .0930 .5530 .9609 <.0001 
Tl -.5100 .0007 -.3304 .2887 
Sn .1359 .2588 .1040 .5308 
Ti -.1027 .3602 -.3377 .0540 
V -.4023 .0002 .9483 <.0001 







Parametric testing for difference in personal analyte values. 
Cities compared within analogous season. 
(Mean differences in raw values; unpaired t-test) 
 
 NY Summer vs. LA Fall NY Winter vs. LA Winter 
Analyte Mean Diff p-value Mean Diff p-value 
     
PM2.5 2.0559 .513 -1.1247 .6062 
Absorbance .2132 .056 .1288 .3652 
Al -93.633 <.0001 -128.4 .0017 
Sb 1.598 .4081 2.826 .3048 
As .0502 .4316 . . 
Be -.001 .0273 . . 
Cd .00125 .9805 -.0383 .4185 
Ca -132.5 <.0001 -205 <.0001 
Cs -.00149 .0383 .00076 .6417 
Cr .3650 .3209 . . 
Co .5950 <.0001 1.038 <.0001 
Cu 5.4686 .0493 -5.5853 .4376 
Fe 368.3 <.0001 427 <.0002 
La .00189 .9831 .0128 .9279 
Pb 75.827 .3440 8.6189 .1734 
Mg -31.4361 <.0001 -54.480 .0057 
Mn 2.195 .0133 1.58 .2130 
Mo . . . . 
Ni -4.2536 .4716 23.78 .2458 
Pt -.000409 .1128 -.003 <.0001 
K -22.6862 .0656 -37.1313 .1011 
Sc -.00843 <.0001 .0808 .0020 
Se -1.1539 <.0001 . . 
Ag -.0164 .3302 -.0861 .003 
Na -198 <.0001 -59.565 .0354 
S -333.9 .0208 151.96 .0192 
Tl .0028 .0305 .00499 .0192 
Sn -2.853 <.0001 -3.4371 <.0001 
Ti -7.819 <.0001 -11.1386 <.0001 
V -1.5766 .0006 3.5511 <.0001 






Parametric testing for difference in log personal analyte values 
Cities compared within analogous season 
(Mean differences in log values; unpaired t-test) 
 
 NY Summer vs. LA Fall NY Winter vs. LA Winter 
Log Analyte Mean Diff p-value Mean Diff p-value 
     
PM2.5 .0476 .6480 .0156 .8720 
Absorbance .0987 .5441 -.0290 .8151 
Al -.9342 <.0001 -.6949 .0053 
Sb -.1457 .3625 .0353 .8546 
As .0537 .6046 . . 
Be -.1166 .5962 . . 
Cd -.1293 .4065 -.2095 .0931 
Ca -.9718 <.0001 -.8113 <.0001 
Cs -.1863 .1295 .2241 .0872 
Cr -.0661 .7500 . . 
Co 1.7689 <.0001 1.9748 <.0001 
Cu .4241 .0046 .1710 .2788 
Fe .7599 .0010 1.0050 <.0001 
La .0422 .8106 .3180 .0485 
Pb -.0536 .8001 .1917 .2842 
Mg -.7590 <.0001 -.8345 <.0001 
Mn .2009 .2414 .3613 .0308 
Mo . . . . 
Ni -.0395 .8531 .6870 .0052 
Pt -.2953 .0160 -1.5652 <.0001 
K -.2623 .0270 -.1783 .2105 
Sc -.6834 <.0001 1.9648 . 
Se -1.4585 <.0001 . . 
Ag -.1378 .3867 -.7607 <.0001 
Na -.9976 <.0001 -.2341 .1275 
S -.1594 .2889 .3595 .0209 
Tl .4278 .0029 .7691 .0029 
Sn -1.1369 <.0001 -1.2062 <.0001 
Ti -.9557 <.0001 -1.0640 <.0001 
V -.2385 .0923 1.0117 <.0001 






























































Temporal and spatial variability of air pollution in the inner city:  






One of the major challenges in assessing air pollution exposures in the inner city is that 
these locale are characterized by complicated physical environments, comprised of a varied 
structural composite of parks and buildings, tunnels and roads, point emissions with intensity of 
production that is variable in output over time and pollutant sources that move in space, related 
to car, bus, and train traffic. The result is the creation of urban canyons and turbulent air flow, 
and a diverse topography producing microenvironments, both sanctuaries from pollutant 
exposures, as well as locations where exposures might be accentuated.  All of these prevent 
accurate air toxics exposure assessments in the inner city environment when solely based on data 
from sampling of large air masses. 
Several groups have attempted to study various environments to determine the variability 
in air pollutant levels over time and space.  Cyrys, et al1 studied temporal and spatial variation in 
particle number in a study in a small city in Germany (population ~ 260,000).  Monitoring 
stations were positioned at a height of 2 M, at three urban sites, and one large mass monitor was 
placed at 25 M above ground.  Temporal and spatial variability were assessed via spearman 
correlation coefficients and coefficients of divergence, respectively.  They found that spatial 
variability could not be estimated by limited fixed monitoring sites, but that temporal variability 
was adequately captured in that urban environment. Pelletier and colleagues2,3 studied air toxics 
in two seasons, each for two weeks, based on 9 fixed site monitors near apartment complexes in 
New York (in the four most populous boroughs) and one area wide monitor located at a height of 
8 floors from ground level in downtown Manhattan.  An upwind reference site was located 
uptown in Manhattan on the roof of a university building, 2 miles away from the downtown area 
monitor. Air toxics levels were described and displayed graphically showing the changes that 
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occur over space and time in air pollutants assessed this way. No personal air monitoring was 
conducted.   Similarly designed studies were conducted by these investigators based on one week 
samples in each of two seasons (winter and summer). Average concentration over the integrated 
one week samples, and interpolated summaries of air toxics levels were communicated, however, 
no specific estimates of temporal and spatial variability were provided.   
Similar approaches to monitoring was conducted in a study by Yu, et al4  based on air 
monitoring data from Paterson, NJ from three urban fixed sites (industrial, commercial and 
‘mobile’, to capture roadway emissions from fixed sites).  Results were summarized to visually 
display the variability over time of summary data (between seasons) and variability across space 
(via one week samples).  Linear regression was performed to assess the predictive power of land 
use on ambient air toxics measured.  No personal monitoring was conducted and estimates of 
variance for particulate matter and components were not communicated. Finally, Lee et al5 
reported the results of a 5 small city study conducted in Connecticut in examining EPA air 
monitoring site data, performing positive matrix factorization to identify source types 
contributing to ambient air toxics.  Correlation in air toxics concentrations between cities was 
high, except for one city. Correlations between individual sites and regional average 
concentrations (defined by the average of air toxics concentrations of four of the five sites) were 
higher than correlations between individual sites.  No personal air monitoring was conducted and 
quantification of temporal and spatial variability was not reported.  All of these studies suggest 
important spatial and temporal variability of air pollution exposures, but do not fully quantify 
this variability.   
A recent effort to facilitate estimates of spatial variability in particulate matter in the 
inner city has been to apply remotely sensed aerosol optical depth (AOD) as a proxy for ground 
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level particulate matter with small aerodynamic diameter (PM2.5).  Paciorek and Liu6 recently 
reported the results of one analysis which indicated the limitations of this approach in accurately 
detecting ground level particulate matter, and suggested that this methodology does not allow 
useful estimation of spatial and temporal variability in the inner city that is needed for public 
health efforts.  Thus information is still incomplete regarding spatial and temporal variability of 
air toxics concentrations in the inner city environment. 
A unique dataset that provides an excellent opportunity to quantitate temporal and spatial 
variability of air toxics exposure is Toxic Exposure Assessment: A Columbia-Harvard Study 
(TEACH) 7-8. TEACH is an example of a study that was designed to establish the air toxics 
exposures of students in the inner city by capturing directly, personal exposures to air toxics of 
students living, studying and working in these cities, as well as detailed neighborhood-level air 
monitoring of the physical environment, based on samplers placed at the residential level of 
participant residences, and others positioned at schools. In addition, large air mass air toxics 
levels were assessed via one up-wind site for each city.     
Air monitoring was carried out over two seasons in each city: summer and winter in New 
York (1999) and analogous seasons: fall and winter in Los Angeles (2000).  Simultaneous 
recording from personal, home indoor, and home outdoor data were collected over eight to nine 
weeks during each season, from non-smoking households.  In addition, air monitoring was 
conducted upwind and in the city at fixed sites at single high schools in each city.  The sampling 
program for particle-associated air toxics consisted of integrated 48 hour collection for PM2.5, 
black carbon, and a suite of trace elements (up to 29 total).  Sampling of home outdoor and urban 
fixed site air was performed as described previously7,8, by Columbia black boxes containing 
three Medo 7.0 L/min pumps, used to collect samples from the outdoor environment.  Samples 
107 
 
were collected on Teflon filters. The flow rate of each pump was maintained at 4.0 L/min either 
by a mass flow controller to by a needle valve.  Samples were collected on Teflon filters, in 
plastic cassettes attached downstream from a cyclone with a 2.5 µm aerodynamic cutoff, the first 
of which was used to collect PM2.5, reflectance and total metals.   
The TEACH study was designed to facilitate analysis of variations in time and space of 
air toxics measured.  During the same time that personal samples were obtained for study 
subjects in groups of 3-6 each week, the home environments of corresponding study subjects 
were  measured (Tues-Thurs) for levels of air toxics.  In parallel, to capture background air 
toxics levels, two fixed sites (at the school and at an upwind site) were monitored in three 
integrated 48-hour periods per week (Tues pm to Thurs pm, Thurs pm to Sat pm and Sat pm to 
Mon pm). For one (Tues pm to Thurs pm), this coincided with timing of personal monitoring, 
providing information concerning more neighborhood-wide, urban (school roof) and regional, 
(background upwind) exposures while personal sampling was being conducted.  The Tuesday 
through Thursday samples provided the opportunity to assess spatial variability, keeping time 
constant, since air toxics levels could be compared amongst the homes that were sampled at the 
same time each week.  For the urban environment, all 48 hour monitoring periods during the 
week provided the opportunity to assess temporal variability (changes over time), by permitting 
assessment of air toxics levels occurring in the urban fixed site (school) over the course of the 
same 8-week sampling.   
It was hypothesized that temporal-spatial relationships for the air toxics could be assessed 
for New York and Los Angeles using data from TEACH and that differences between New York 
and Los Angeles would be revealed that would establish city-specific and analyte-specific 
estimates of variability in time and space for the air toxics studied, in the two largest US cities. 
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Methods 
 
TEACH data were obtained directly from on-line sources via the Mickey Leland National 
Air Toxics website (https://sph.uth.edu/mleland/). After obtaining administrative permits, 
relevant datasets (la_winter_pm, la_fall_pm, la_home_environment, ny_winter_pm, 
ny_summer_pm, ny_home_environment), were downloaded to SAS and merged to create an 
analysis dataset for the analyses outlined in this communication.  All analyses were conducted 
using SAS 9.3 (TS1/M2) (SAS Institute Inc., Cary NC, USA) licensed to Columbia University, 
executing on the W32_7 PRO  platform. 
Data generated from the TEACH study provided an opportunity to assess temporal and 
spatial variability in air toxics exposures.  The methodology employed for assessment of 
temporal variability included examining those differences in levels of air toxics according to city, 
by site over the course of a season.  By anchoring the site, time dependency of the air toxics 
levels can be assessed. By anchoring time, spatial dependencies can be estimated.   
Spatial and temporal variability were modeled in order to estimate the relative magnitude 
of temporal and spatial variability in the ambient data. This was pursued using two approaches.  
In the first, the standard deviation of the home outdoor data was calculated, after each home 
outdoor concentration was adjusted by subtraction of the urban fixed-site concentration (school 
roof) corresponding to the appropriate monitoring period, to provide standard deviations for each 
of the analytes, as an expression of spatial variability.  Similarly, as an estimate for temporal 
variability, the standard deviations of the urban fixed site (school roof) concentrations 
throughout the field season for each analyte were computed. The ratios of spatial to temporal 
standard deviations for each analyte were calculated, for each city and season pair. 
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Variance is another parameter that can be estimated via statistical models.  Variance 
describes the actual probability distribution of an observed population of numbers, or the 
predicted probability distribution of a population, based on a sample of data. In the latter case, 
the predicted probability provides an estimate of variance, known as the sample variance.  To 
estimate total variance of the sample, and to dissect those components attributable to spatial or 
temporal influences to measured personal analyte levels, a dataset that varied both in space and 
time was required.  Such an analysis could be conducted using TEACH data because analytes 
were measured at various locations (spatial component), repeatedly over the course of a season 
(temporal component).  General linear modeling was used.  Statistical analysis using SAS mixed 
procedure9,10 permitted modeling spatial variance (e.g. conferred by differences in measurements 
in home concentrations of analytes obtained at the same time) and temporal variance (e.g. 
conferred by data over time of an entire season, from a fixed urban site such as the school roof).  
Data from each city and season were modeled separately and analysis was performed using 
mixed procedures in SAS to model individual analyte concentrations, to estimate mean square 
error (MSE), accounting for the variance of the estimator and its bias, as well as variance 
components analysis, which provided estimates of percent of total variance explained by spatial 








1). Spatial and temporal variability of air toxics measurements in New York and Los Angeles. 
To provide summary information about the degree of spatial and temporal variability of 
outdoor particle-associated air toxics concentrations to which students were exposed during 
various seasons in New York and Los Angeles, we performed descriptive statistical analysis of 
particle-associated air toxics of samples from the homes and schools of study participants for 
each city and season, comparing median levels and variance estimates.  Results shown in Table 
1 for the home outdoor air toxics concentrations indicate that the highest median outdoor levels 
for analytes when examined across cities and seasons, were observed in Los Angeles (fall) for 
pm2.5, Al, Sb, Ca, Mg, Mn, K, Sc, Se, Na, S, Sn, Ti; Los Angeles (winter) for  As, Cd, Cr, Fe, 
Pb, Mo (the latter not measured in New York), Pt, Ag, and Zn;  New York (summer) for Be; and 
in New York (winter) for black carbon, Cs, Co, Cu, La, Ni, Tl, V.  Variance estimates ranged 
broadly across cities and seasons.   
As would be expected, variability was even more pronounced, in terms of median levels, 
as well as reflected by differences in variance estimates for individual analytes, when data were 
examined according to week of sampling. To capture the variability over time of exposures, air 
toxics levels were assessed from the school outdoor monitors, reflecting urban fixed site 
measures of air pollutants over the course of a season in each city.  Measurements of school air 
toxics were generally taken three times a week (Tue-Thursday, Thursday-Saturday and Saturday-
Monday).   For each week, home outdoor air toxics measurements were obtained from three or 
more homes. Table 2 summarizes the results of a representative city-season pair, for air toxics 
concentrations averaged over each week of the season in New York City during the winter.  
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Marked variability in the measured air toxic is evidenced by differences in median weekly levels 
for some of the analytes across the sampling period, as well as large differences in the variance 
estimates, reflecting the influence of excursions in air toxics levels occurring during the week.  
Particularly prominent is the variability associated with measured concentrations of sulfur 
(range: 490 to 1098 ng/m3) and Fe (38 to 123 ng/m3).  Many other analytes demonstrated week-
to-week differences in concentrations of more than 50%, demonstrating considerable variability 
in concentrations that were sampled during different weeks.   Surprisingly stable over the course 
of 8 weeks of monitoring at the school were the relatively narrow range of the median levels of 
pm2.5 (range 5.67 to 11.63 mcg/m3), black carbon (range 1.07 to 1.89 absorption units) and 
associated smaller variances. 
Thus, it was concluded that outdoor air toxics levels in the TEACH study, analyzed 
across cities, seasons and time reflected substantial spatial and temporal variability, likely 
revealing the time-varying nature of pollutant emissions and the spatial dependency of exposures 
to different emissions, conferred by proximity to pollutant sources, meteorological effects, and 
the complexities of the urban physical environment.   
2). Quantitation of variability.  Analysis based on calculation of ratio of standard deviations.   
To estimate the degree of spatial and temporal variability in air toxics concentrations in 
the inner city, standard deviations of home outdoor data (as a reflection of spatial variability) and 
that of the school roof measurements of air toxics (as an estimate of temporal variability) were 
calculated, and the ratio of standard deviations attributable to variations in air toxics levels were 
generated, as a function of the spatial location of measurements, and that associated with  
temporal excursions in air toxics concentrations, as described in the Methods. This was pursued 
in order to quantitate the relative importance of spatial or temporal variability associated with 
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measured concentrations of particle-associated air toxics in New York and Los Angeles.  Results 
are summarized in Table 3 and Figure 1.   
Generally, variability across cities was highly dependent on the analyte. Overall, using 
these inputs, there appeared to be much greater variability of concentration of analytes in Los 
Angeles in the winter, compared to Los Angeles summer, with 23 of 31 analytes and 16 of 31 
demonstrating higher spatial and temporal SDs, respectively in the winter than the summer. In 
contrast, comparing NY winter data to NY summer data, the degree of variability reflected in 
spatial and temporal SDs in New York in these two seasons was more balanced (in both cases, 
about half, 14 of 26 analytes demonstrated spatial and temporal SDs that were greater in the 
winter than in the summer).  Differences between New York and Los Angeles were highly 
dependent on individual air toxics, whose variability differed between cities. When comparing 
across seasons, New York summer analyte SDs were numerically higher in many cases than SDs 
from New York winter data.  In Los Angeles, the magnitude of variability appeared to be greater 
in the winter than the fall.   
In regard to spatial vs. temporal variability across cities and seasons, for most analytes 
overall, there was substantially more spatial than temporal variability in New York (based on 
spatial/temporal SD ratios greater than 1) across both seasons, and more spatial than temporal 
variability in Los Angeles in the winter (21/31 ratios greater than 1), compared to Los Angeles in 
the fall (only 2 of 31 SD ratios greater than 1; Ti and Ni), where temporal variability dominated.  
These findings perhaps reflect the more complex inner city environment conferring spatial 
variability in New York and the more dominant variable release in time of air toxics in Los 
Angeles, perhaps of crustal origin.  The highest ratio of spatial to temporal variability occurred in 
Los Angeles in the winter for chromium (ratio 99.6) and for Ti (ratio: 13.16), the lowest for V in 
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the fall.  In New York, the highest ratio of spatial vs. temporal variability was observed for 
copper (43.45) and for zinc (12.47) in the summer, the lowest for PM2.5 in the winter.    
 As shown in Figure 1 A-D, in New York, in the summer, the five analytes that exhibited 
greatest degree of spatial variability were Cu, Zn, Ag, Pt and La; those with the smallest ratios 
Cs, Ti, Al, Sc and K.  In New York in the winter, Zn, Ni, La, Ti and Mg exhibited highest 
spatial/temporal ratios, whereas Mn, PM2.5, Cd, S, Cs exhibited greater temporal than spatial 
variability (lowest spatial/temporal SD ratios). In Los Angeles in the fall, the five analytes with 
greatest spatial vs. temporal variability were Ni, Ti, Tl, Pb and pm2.5, while in the fall they were 
Cr, Ti, Mn, Mo and Pb.  In contrast lowest for Los Angeles in the fall were Ag, As, V, Sc and 
black carbon, whereas in the winter it was Cu, Tl, V, black carbon and S.   
3). Quantitation of variability.  Analysis based on modeling of variance estimates.   
Assessment of the ratios of SDs from the home environment, adjusted for background urban 
environment as a marker of spatial variability from the home monitors and compared to the 
urban fixed site temporal variability during seasonal field campaigns provides insight into 
differences between the home environment and urban central site changes in air toxics levels. 
Home outdoor samples were obtained for the 48 hour period from Tuesday to Thursdays, 
whereas urban site (school roof) sample were taken three times a week (Tues-Thurs, Thurs-Sat 
and Sat-Mon).  Results of analysis of SDs and ratios, examined variability related to home 
outdoor data (Tues-Thurs) as well as urban site (school roof) air toxics data over the entire field 
season (sampled three times a week) to fully utilize temporal and spatial inputs available in the 
dataset.  It has been noted that such an approach, adjusting for background urban environmental 
pollutant concentrations, although valuable for assessing variability  across various pollutants, 
cities and seasons, may somewhat overweight the temporal component of variability (New York 
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TEACH report). In addition to this analysis, based on mathematical calculation based on simple 
statistics, regression analysis using the mixed procedure in SAS was pursued, modeling the 
concentration of each analyte as a function of location of the measurement (to assess spatial 
variability) and time (e.g. week or day, to assess temporal variability), common to all sources of 
information regarding air toxics concentrations in TEACH.  To model air toxics concentrations 
in outdoor air in the inner city environment, the inputs for location were constrained to outdoor 
data, focused on the urban environment, and thus were based on school roof and home outdoor 
air toxics concentrations over each field campaign.  This analysis was performed according to 
city and season and provided estimates of sums of squares and generated estimates of mean 
squared error (MSE) as a measure of variance. Importantly, the mixed procedure permitted 
variance component analysis, to quantify the percentage of total variance that was explained by 
spatial inputs and temporal inputs, or left unexplained.  Random and fixed effects models were 
explored, however, the results were very similar, and did not change inference, therefore for 
most of these analyses, fixed-effects models of variance assessment are reported here.  
Results for each analyte, are displayed in Table 4A and figure 3.   Mean square error 
(variance estimator) is shown for the location (confined to school roof and home outdoor as a 
reflection of spatial inputs), week (to model temporal inputs, not limited to a particular day of 
week) and residuals.  Variance components estimates, computed for each analyte, city and 
season, are also displayed.  The percent of variance explained with this model across analytes 
was high. For the majority of analytes,  more than 80% of variance was explained by the spatial 
or temporal variance of the data.  In only two (2) cases, variance explained by the model was less 
than 60%.  In only two cases (chromium in LA winter and Mo in LA winter) was less than 60% 
of the variance explained; in no case was less than 50% of the variance explained.  
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When examined across city and season, for each analyte, a substantial degree of 
difference was observed with respect to the estimates of spatial and temporal variance for each 
analyte according to city season pairing.  The relative spatial vs. temporal variance ratios are 
displayed in Figure 2.  In contrast to the analysis performed using ratio of SDs, this analysis of 
variance demonstrated greater agreement across seasons for the same city, at least with respect to 
the analytes that tended to exhibit very high, or very low variability.  For New York, summer,  in 
descending order, the spatial variance was dominated by zinc, platinum, likely from  
anthropogenic sources (e.g. combustion of fossil fuels and emissions from catalytic converters, 
respectively), and selenium and silver, the latter two crustals that may reflect a component of 
regional air pollution influences but can also be locally released to the air via combustion of 
fossil fuels,  suggested, which was suggested, in this analysis, by high spatial/temporal ratios.  
Selenium, was a surprising finding that is discussed further in this section. . In the winter in New 
York, high spatial temporal ratios were noted for lanthanum, cobalt and iron as well as zinc.  The 
first three may represent local sources of construction in New York, given that they are all found 
as components of steel.  In contrast, in Los Angeles, in the fall, spatial variance was dominated 
by silver, cesium and nickel in the fall. Silver may be related to local sources related to 
photography, while nickel, often associated with waste incineration (Los Angeles banned this 
practice in 1957), was much more likely related to the combustion of fossil fuels.  In Los 
Angeles in the winter, high spatial to temporal ratios were revealed for Ni, Tl, As.  The first two 
likely related to burning of fossil fuel and potentially exposure to fertilizers in the latter case, 
whereas As have been related to battery recycling which was, and still is pursued in and around 
Los Angeles county (Exide company, Vernon, California). The latter might have been expected 
to exhibit lower spatial to temporal variability if influencing area-wide air quality.   
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Most notable for the low spatial to temporal ratios of the analytes is the appearance of 
sulfates, consistently one of the analytes with lowest ratios across cities and seasons, and hence 
highest temporal variance, suggesting remote sources of this pollutant derived from mobile 
vehicular exhaust, exhibiting variability related to episodic emissions over the course of the 48 
hour of air toxics sampling performed in TEACH.  The majority of analytes in New York 
displayed high spatial/temporal ratios, suggesting local urban sources, while the majority of 
analytes in Los Angeles demonstrated greater temporal than spatial variability, suggesting 
sources located remotely, with episodic changes in concentrations. Given that Los Angeles is not 
far from dessert and dessert-like terrain, this is the most likely source of crustals, while the ocean 
provided a source of sodium, which exhibited more temporal variability in the fall than the 
winter, potentially related to more variable wind patterns in Los Angeles in this season.  
Since variance component analysis may have been affected by outliers in the database, 
the same analysis of variance components, modeled using location and week, was repeated after 
elimination of extreme outliers (greater than 3 times the interquartile range).  Results 
summarized in Table 4B and figure 3, showed virtually no difference in the pattern of analytes 
for Los Angeles in the fall (still dominated by Ag and Cs), and in the winter (dominated by NI, 
Tl, As), with the vast majority of analytes demonstrating high temporal variability and only small 
differences in ratios and relative position of these analytes in their ordered display (Figure 4). 
This indicated that the results were not explained by potentially spurious, extreme observations.  
Similar conclusions were reached for the New York data, in that the majority of analytes 
demonstrated high spatial to temporal variance, and the relative order of ratios varied minimally 
compared to results produced using the full dataset. 
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The SD analysis, previously summarized, may have over-weighted the influence of 
temporal variability (which if low, would lead to high spatial/temporal ratios, if high, could 
decrease ratios), due to the method of adjusting temporal variability of the home outdoor 
(spatial) variability, while the mixed models described above, modeling temporal variance as a 
function of week, theoretically could have reduced potential temporal influences in the analysis.  
To address this possibility, the analysis of variance was repeated again this time after generating 
a ‘day’ variable in the dataset, used as a category in regression, to model individual outdoor 
pollutant levels as a function of location (school roof and home outdoor) and time (day).  The 
results are displayed in Table 5 and figure 3.  Estimates of spatial-temporal ratios using ‘day’ 
differed from the estimates of ratios generated by the use of the temporal predictor based on 
larger units of time (week).  In the summer in New York, Zn and Pt were again dominant, 
demonstrating high spatial/temporal ratios. Sulfates again showed low spatial temporal ratios, 
suggesting sources remote from the urban source, and variable in time.  Curiously Se, which had 
displayed high spatial/temporal ratios in previous analyses modeled using ‘week’ as the time 
input, now demonstrated higher temporal than spatial variability when ‘day’ was used in the  
model.  In exploring this further, the distributional characteristics of the school roof data for Se 
in the summer in New York demonstrated negative kurtosis (small tails), reflecting little 
variability in this analyte with respect to temporal variability in pollutant levels during the 
summer season in New York, with low variance (0.47 for NY summer compared to 2.19 and 
3.47 in Los Angeles in the winter and fall, respectively) and small SD values for  the NY 
summer Se data (0.67 vs. 1.48 and 1.86, in the winter and fall in Los Angeles; Se was not 
measured in the winter in NY).  These differences were accentuated when variability was limited 
to Tuesday readings.  Variance and SDs of the school roof Se concentrations were only 0.05 and 
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.23 when assessed using Tues-Thurs values, approximately 1/10 of the value of estimates of 
variance and SDs generated when all days of the week over the course of the season were 
assessed. This observation would explain the increase in ratio of spatial to temporal variance for 
this analyte if the temporal input is constrained to week, rather than incorporating  richer 
temporal inputs conferred by modeling variance by location and day, especially for this analyte.    
Thus a confluence of the distributional characteristics of Se and attenuated temporal 
inputs as a result of modeling using ‘week’ as the time input, may have led to a difference in the 
spatial/temporal relationships observed for this analyte, which could have been interpreted as 
demonstrating more spatial than temporal variability.  Of note, variability (variance and SDs) of 
Tues-Thurs school roof concentrations across the season in New York across all pollutants was 
consistently lower than estimates based on all days of the week only in New York in the summer 
(30 of 30 analytes measured).  During the other seasons in New York and Los Angeles, variances 
and SDs generated on Tues-Thurs measurements were variably higher or lower across analytes 
than estimates of variability based on all days of the week.   
In examining the results for Los Angeles, using ‘day’ as the time input, Cs again was 
shown to exhibit very high spatial to temporal variability, as well as Ni. The vast majority of 
analytes in the fall again demonstrated high temporal variability, indicative of remote, variable-
in-time releases likely related to weather patterns in a city with less likelihood of urban canyon 
effects as a result of flatter built environment.  A similar pattern was shown in the results of 
modeling with ‘day’ as the time input in Los Angeles in the winter, where Ni again showed 
dominant spatial variance, in a group that included As, and Mg. The greatest temporal variance 
(smallest spatial to temporal ratios) were associated with a group of analytes including Na (likely 
ocean effects), Pm 2.5, Mo, Fe, Cd, and S.  Most of the latter were analytes were likely the result 
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of fossil fuel burning vehicles remote from the location of the school and homes with patterns of 
variable release during the day, likely related to traffic patterns.  
Interestingly, in the fall in Los Angeles, Ag showed very high spatial to temporal 
variance when modeled by ‘location’ and ‘week’. Like Se in New York, on analysis using  ‘day’ 
as the unit of time, Ag demonstrated much more dominant temporal to spatial variance (see 
figures 2C and 4C), suggesting a source that was variable in time, and likely associated with 
regional air masses rather than one confined to the urban environment.  Distributional 
characteristics of Ag in the school roof data measured over all days of the season showed a SD of 
0.13 and variance estimate of 0.016. In contrast, Tuesday readings provided estimates of SD of 
0.016 and variance of 0.0003. 
Finally, the results of mixed procedures in modeling outdoor air toxics concentrations 
with location (spatial) and day (time) as fixed effects, were generally similar to those obtained on 
using a crossed random effects model applying these same inputs modeled as random effects, 
coupled with inclusion of an urban indicator variable as a fixed effect, marking school roof and 
home outdoor as urban, upwind as not urban. The crossed random effects model leveraged 
temporal variability of the upwind site in the model, while still incorporating urban spatial 
variability conferred by the urban sites (school roof and home outdoor), which were modeled as 
random effects.   Results are shown in Figure 4.  The cross random effects model, described in 
the New York TEACH report, and applied here for variance estimation to the New York and Los 
Angeles data, provided evidence that enhancing further temporal inputs by including the upwind 
site (available in New York for both seasons, and Los Angeles for the winter, but not the fall ), 
did not yield results substantively different from the fixed effects models discussed above, while 
for the Los Angeles data, gave, in the fall, (where no upwind site data were available), identical 
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results, and in the winter, nearly  identical estimates of spatial/temporal variance. Relatively 
small differences in the spatial/temporal ratios were observed using this approach for New York 
analytes, but the order of spatial to temporal variance across all analytes was very similar to the 





Difficulties in assessing the exposure of residents of inner cities to air toxics can be 
challenging, due to the substantial temporal and spatial variability of emissions conferred by a 
complex array of pollutant sources, a complicated geophysical environment and the creation of 
inner city microenvironments in which residents live, and through which they move. The design 
of TEACH with respect to monitoring of various microenvironments including the home indoor, 
home outdoor, school, upwind sites, coupled with specific information concerning personal 
exposures while students pursued their routine activities at school, in transit and at home, 
provided a unique opportunity to assess spatial and temporal variance and compare estimates 
across cities as different as New York and Los Angeles, in different seasons of the year.   
Analysis of mean pollutant levels generated from locations in the home and school 
provide some insight into the variability that existed with respect to air toxics concentrations in 
New York and Los Angeles, but required two approaches to permit calculation of the relative 
importance and magnitude of the variability observed.  To accomplish this, urban background 
levels of air toxics from the school roof, as a measure of temporal variability, was subtracted 
from home outdoor values and standard deviations of estimates of each time-adjusted analyte 
concentration based on data from the homes were calculated as a measure of spatial variability. 
These home outdoor standard deviations were then compared to the standard deviations of serial 
air toxics measurements obtained at the urban stationary site (school roof) conducted over the 
course of the same season in the same city. By calculating the ratio of spatial variability to 
temporal variability in this way, one can estimate the relative importance of spatial vs. temporal 
variability in the levels of air toxics observed in each city and over each season. 
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Results for ratios of spatial to temporal variability estimates performed using this first 
approach suggested substantial differences in the spatial and temporal variability of pm2.5, black 
carbon and particle-associated air toxics according to component. In general, it appeared that 
New York exhibited more spatial than temporal variability of analytes, especially in the winter, 
where most spatial/temporal ratios for individual particle-associated air toxics were greater than 
1 (only Cs, S, Cd PM2.5 and Mn were less than 1), suggesting sources of pollutants that varied in 
spatial distribution, perhaps related to point sources in the urban environment.  In contrast, in Los 
Angeles, especially in the summer, the vast majority of analytes exhibited ratios of less than 1, 
indicating strong temporal variability, which would likely be the result of variable-in-time air 
toxics concentrations, from regional sources, generally the result of changing weather, carrying 
particles toward or away from Los Angeles depending on wind direction and speed.  The 
location of Los Angeles, immersed in a basin, but in close proximity to dessert and sea, would be 
expected to be subject to substantial temporal variability in crustal tracers.    
Despite these conclusions, some of the findings based on SD analysis were not expected. 
It was surprising to find such a large proportion of analytes with spatial to temporal ratios of 
greater than 1 in Los Angeles in the winter.  Although this might have been accounted for by 
local sources of pollutants, given the relatively flat built structure, with variable wind patterns in 
Los Angeles (discussed in the introduction), one would expect a larger percentage of crustal 
tracers exhibiting temporal rather than spatial dominance.   Since differences from the results 
based on the SD analysis were obtained using other approaches, this suggests the potential 
limitations of estimates of variability calculated using this methodology, potentially related to 
overweighting of temporal inputs.  
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On the other hand, the mixed linear modeling approach used as a second approach here to 
assess spatial and temporal variability relied on richer inputs, using the locations of urban 
outdoor  monitoring sites in the study contributing to the estimation of spatial variability and 
week or day as time-based predictors of temporal variability. Temporal variability was assessed 
as changes in analyte concentrations with time over all modeled locations, and spatial variability 
incorporated information regarding changes in analyte concentrations as a function of the 
location of the measurement, independent of time. In this way all inputs could provide 
information regarding both spatial as well as temporal variability.  Since this model leveraged 
more information from TEACH,   inputs may have provided information with which to more 
precisely model air toxics concentrations in this study.  By employing mixed procedures, 
variance estimators could be computed and variance component analysis could be performed to 
provide estimates of total and explained variance, and components of the latter, furthering our 
understanding of the relationship of temporal to spatial variance.  Across analytes, very high 
proportions of variance were explained using mixed model approaches, suggesting that this 
procedure manifests qualities potentially allowing for more complete prediction of the variances 
associated with specific air toxics exposures. 
Results generated via linear mixed modeling provided information assigning a high 
proportion of variance to spatial or temporal components with a generally very low proportion of 
analytes yielding unexplained variance.  Across cities and seasons, estimates of explained 
variance were generally over 80%.  The finding of less than 80% variance was not associated, 
across analytes, with any particular city or season pair, suggesting that some systematic factor 
did not play a role in the data inputs or calculations.  Rather, when variance for a given analyte 
was lower than 80% , this was observed either for a single city or season, even though other 
124 
 
estimates for that city (i.e. another season) or that season (i.e. another city) had yielded a high 
proportion of explained variance for that analyte.  It remains possible that for the rare analytes 
that exhibited low explained variance, imprecision of measurement of the analyte, or the timing 
of the sample, occurring randomly during the sampling season may have explained this 
observation. 
Focusing on the results of modeling of air toxics using location and day, across cities and 
seasons, low spatial variability, with few exceptions, was noted for Na, sulfates, V, Se, and Pt.  
This may point to the regional nature of these analytes in impacting the urban environment, via 
automobile emissions (sulfates from fossil-fuel combustion, Pt from catalytic converters), power 
plants (sulfates and vanadium) and elements associated with oceans (sodium).  High spatial 
variability, most likely pointing to local sources of air toxics, seemed to be more city-specific.  In 
New York, Zn, La and Ni were among the analytes with highest spatial variability, suggesting 
local sources (the first and second potentially related to local construction, the first and last to 
fossil fuel combustion).  In the winter, Co and Fe (possibly of subway origin11) showed high 
spatial-temporal variance.  In Los Angeles on the other hand, highest spatial to temporal variance 
was noted for Ni (likely of local fossil fuel combustion). There was a strong spatial signal for Cs 
in the fall and As in the winter (despite manifesting more temporal than spatial dominance in 
other cities and seasons).  
The source of Cs in the environment in Los Angeles in the fall is difficult to ascertain. Cs 
can be found in radioactive as well as non-radioactive forms. In terms of the latter, non-
radioactive CS can be a component of mineral depositions, and thus be found with other crustal 
tracers. Radioactive Cs may be found in radioactive wastes from hospitals where Cs is used for 
medical therapy for cancer, but is carefully regulated and controlled.  The spatial dominance of 
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variance estimates for Cs in the fall in Los Angeles suggests local sources, and therefore 
potentially, hospitals or university laboratories, rather than more remotely located nuclear power 
plants, which can also be a source of Cs, in the proximity of Los Angeles (and might be expected 
to exhibit low spatial/temporal variance ratios) or, in non-radioactive form, suggesting sources of 
crustal nature from remote sources, though this would be expected to exhibit greater temporal 
than spatial variance. The San Onofre Nuclear Generating Station, located between Los Angeles 
and San Diego is nearly 40 miles southeast of Los Angeles.  It was in service at the time of the 
study, but was closed in 2013 after undergoing several upgrades in 2009 and 2010, due to 
discovery of premature wear of steam generators. At least one small radioactive release was 
reported in 201213.  Whether releases occurred at the time of TEACH is not known. Only one 
nuclear reactor was functional in California as of mid-2012.   
In contrast, the other element exhibiting high a spatial/temporal ratio in Los Angeles in 
the fall (that persisted after elimination of outliers) was As, likely related to local fossil fuel 
combustion. 
Thus, in assessing differences in spatial versus temporal variance for individual analytes 
across cities and seasons, the degree of spatial or temporal variability appeared to be highly 
analyte-dependent. When low proportion of spatial variance were observed for a given analyte, 
this low proportion was often observed irrespective of city and season.  In contrast, when a high 
degree of spatial variance was seen, it was often seen across all cities and seasons for that 
analyte. Exceptions to the later included black carbon for LA in both seasons as well as in the 
summer in NY summer, where it shows a dominant temporal pattern, in contrast to in the winter 
in NY where the signal is clearly spatial, implicating local urban sources of fossil fuel 
combustion (likely diesel), possibly in addition to background concentrations from more remote 
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and temporally dominant emissions.  The former may be related to sources remote from the 
immediate urban environment assessed include airports, fossil-fuel-fired co-generation plants, 
large volume traffic concentrations or pollutants generated in activities in the ports of New York 
and Los Angeles, remote from the school and students’ homes and in the case of the latter, 
possibly local traffic and home heating in New York in the winter.  Sulfate (S) on the other hand 
displayed consistent, temporal dominance.  Similarly, pm2.5 consistently exhibited low 
spatial/temporal ratios (<1) across cities and seasons. Metals in general appeared to dominate the 
elements associated with high spatial variability, suggesting local urban sources (construction, 
transportation) and crustals seemed to be the predominant components exhibiting high temporal 
variability consistent with remote or regional sources (ocean, dessert).  Products of fossil fuel 
combustion exhibited, according to city and season, both temporal (remote, regional sources – 
upwind power plants, concentrations of traffic), as well as spatial variance, in these latter cases, 






An understanding of temporal and spatial variability of air toxics exposures is critical to putting 
into context area-wide air pollution monitoring data.  The ability to predict exposures in the inner 
city environment with often variable patterns of pollutant release and spatially confined 
exposures produced by a complicated geophysical environment of inner cities, comprised of 
urban canyons and open spaces12, effects of climate, a variety of transportation types and the 
mobility of residents who transit through this complicated environment, is important in 
evaluating and addressing risk of air toxics exposures in the inner city.   
In this chapter marked differences were observed in the pattern of spatial and temporal 
variability associated with air toxics concentrations in two very different large cities, of distinctly 
different topography, transit systems, and patterns of air toxics distributions.  The use of 
location- and time-anchored inputs of air toxics measurements, led to a very high proportion of 
explained variance and resolution of differences between cities in the character of source and 
timing of emissions in these two distinct locales.   
The estimates of variance provide here can be used in designing future studies of air 
toxics exposure risk in urban environments, including power estimation, and sampling 
approaches, which will assist in further characterizing sources of air toxics emissions in the inner 
city, and may be applied to determine the evolution of air pollution exposures as a function of 
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Tables and Figures. 
Table 3. Variability in median home outdoor air toxics concentrations by city and season. 
NY-Summer 
Analyte N Median Variance 
PM2_5 40 12.5807 33.0739 
Abs_coef 40 1.4323 0.3765 
Al 37 35.6249 397.1442 
Sb 37 1.0590 0.2031 
As 37 0.2866 0.0354 
Be 23 0.0025 0.0000 
Cd 37 0.1139 0.0041 
Ca 37 41.9242 576.2089 
Cs 37 0.0043 0.0000 
Cr 35 0.3666 0.1570 
Co 37 0.8390 0.1959 
Cu 37 4.0918 1883.9648 
Fe 37 109.9098 3983.6117 
La 37 0.6357 0.1304 
Pb 37 5.2651 25.2793 
Mg 37 33.4737 791.3269 
Mn 37 2.0524 1.2022 
Mo 0 . . 
Ni 37 13.0350 36.1574 
Pt 37 0.0014 0.0000 
K 37 43.8796 862.4342 
Sc 35 0.0065 0.0000 
Se 36 0.6517 0.1179 
Ag 37 0.0297 0.0005 
Na 37 75.9045 3086.5274 
S 37 1467.2479 1334028.4960 
Tl 37 0.0062 0.0000 
Sn 21 0.7855 0.3625 
Ti 37 3.4692 2.0450 
V 37 5.1675 3.0488 
Zn 37 23.8686 1576.1386 
 
 








Analyte N Median Variance 
PM2_5 37 12.5077 14.3105 
Abs_coef 37 1.9786 0.8246 
Al 36 37.4748 293.0980 
Sb 36 1.2308 1.0882 
As 0 . . 
Be 0 . . 
Cd 36 0.1359 0.0085 
Ca 36 54.5227 985.6999 
Cs 36 0.0100 0.0000 
Cr 0 . . 
Co 36 1.4747 0.6059 
Cu 36 5.3159 9.1517 
Fe 36 100.1239 1683.0604 
La 36 0.7099 0.2423 
Pb 36 6.4997 10.7178 
Mg 36 24.3473 194.7570 
Mn 36 2.1680 0.8881 
Mo 0 . . 
Ni 36 28.0036 500.0755 
Pt 36 0.0006 0.0000 
K 36 40.4144 277.3723 
Sc 36 0.0059 0.0000 
Se 0 . . 
Ag 36 0.0317 0.0009 
Na 22 107.6384 4953.4862 
S 36 806.7797 123958.3184 
Tl 27 0.0104 0.0001 
Sn 36 0.6213 0.3137 
Ti 36 1.9396 2.7074 
V 36 7.6662 9.8398 







Analyte N Median Variance 
PM2_5 34 14.9012 101.1902 
Abs_coef 34 1.3723 0.2260 
Al 34 57.3847 723.2979 
Sb 34 1.5477 0.4130 
As 34 0.3680 0.0552 
Be 31 0.0008 0.0000 
Cd 34 0.1321 0.0292 
Ca 34 57.7946 496.8526 
Cs 34 0.0040 0.0000 
Cr 34 1.3990 0.6923 
Co 34 0.0882 0.0018 
Cu 34 3.9325 2.0990 
Fe 34 104.4175 1541.6140 
La 34 0.3950 0.0197 
Pb 34 6.8785 15.9350 
Mg 34 49.3145 392.6466 
Mn 34 3.2297 3.1241 
Mo 34 0.4745 0.0811 
Ni 34 6.8236 97.3060 
Pt 34 0.0023 0.0000 
K 34 49.2755 418.1516 
Sc 34 0.0071 0.0000 
Se 34 2.3534 1.3812 
Ag 34 0.0336 0.0005 
Na 34 297.6117 23366.5391 
S 34 1639.3640 643710.0544 
Tl 34 0.0053 0.0001 
Sn 34 4.4584 14.1636 
Ti 34 7.1058 314.4538 
V 34 6.9096 12.4904 







Analyte N Median Variance 
PM2_5 40 8.8549 28.8957 
Abs_coef 40 1.7168 0.2789 
Al 40 40.9523 3399.2472 
Sb 40 1.4170 1.0202 
As 38 0.4348 0.0286 
Be 39 0.0015 0.0000 
Cd 40 0.2900 0.0686 
Ca 38 50.0207 12407.9935 
Cs 37 0.0046 0.0001 
Cr 38 1.5292 327.7303 
Co 39 0.1566 0.1469 
Cu 39 4.4789 9.3381 
Fe 38 131.0620 33028.3897 
La 40 0.1701 0.0262 
Pb 40 7.1336 440.7137 
Mg 38 48.8415 27669.7744 
Mn 38 3.1296 156.2188 
Mo 29 0.5911 4.5454 
Ni 39 3.4547 5.8026 
Pt 17 0.0036 0.0000 
K 38 48.4677 1732.9605 
Sc 38 0.0045 0.0000 
Se 39 1.6057 1.6405 
Ag 40 0.0553 0.0128 
Na 39 232.1128 16412.5777 
S 40 419.0113 544515.9465 
Tl 20 0.0059 0.0000 
Sn 40 3.6979 77.0195 
Ti 38 5.1509 1311.1868 
V 39 1.8049 4.8716 
Zn 40 34.2931 1476.3407 
 
Note: Air toxics levels are expressed in the following units: PM2.5: mg/m3, Abs_coef (a 





























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table 3: Spatial and temporal variability (ratio SDs) of outdoor air toxics by city and season 
NY-Summer 
Analyte Spatial SD Temporal SD Ratio SDs 
(Spat/Temp) 
    
Abs_coef 0.501 0.72 0.69 
Ag 0.020 0.01 2.04 
Al 18.379 96.10 0.19 
As 0.086 0.19 0.44 
Be 0.002 0.00 0.58 
Ca 19.570 20.63 0.95 
Cd 0.053 0.05 1.09 
Co 0.399 0.31 1.28 
Cr 0.395 0.55 0.72 
Cs 0.002 0.01 0.17 
Cu 45.223 2.37 19.08 
Fe 52.911 55.84 0.95 
K 32.005 92.73 0.35 
La 0.357 0.21 1.74 
Mg 17.830 32.72 0.55 
Mn 0.956 1.15 0.83 
Mo . . . 
Na 36.882 74.61 0.49 
Ni 6.575 4.41 1.49 
PM2_5 4.094 9.55 0.43 
Pb 4.094 3.66 1.12 
Pt 0.001 0.00 1.83 
S 771.466 1590.66 0.49 
Sb 0.386 0.69 0.56 
Sc 0.006 0.02 0.33 
Se 0.248 0.68 0.37 
Sn 0.544 0.41 1.33 
Ti 1.200 6.33 0.19 
Tl 0.005 0.01 0.73 
V 1.642 2.82 0.58 









Analyte Spatial SD Temporal SD Ratio SDs 
(Spat/Temp) 
    
Abs_coef 0.708 0.51 1.39 
Ag 0.026 0.03 1.03 
Al 16.377 15.37 1.07 
As . . . 
Be . . . 
Ca 30.615 16.100 1.90 
Cd 0.077 0.108 0.71 
Co 0.676 0.357 1.89 
Cr . . . 
Cs 0.005 0.005 0.86 
Cu 2.745 2.451 1.12 
Fe 36.519 32.445 1.13 
K 16.609 14.797 1.12 
La 0.537 0.198 2.71 
Mg 13.450 6.803 1.98 
Mn 0.849 3.039 0.28 
Mo . . . 
Na 53.633 32.495 1.65 
Ni 20.281 6.875 2.95 
PM2_5 1.927 3.936 0.49 
Pb 3.143 2.816 1.12 
Pt 0.001 0.001 1.74 
S 329.241 430.903 0.76 
Sb 0.950 0.980 0.97 
Sc 0.004 0.003 1.04 
Se . . . 
Sn 0.616 0.631 0.98 
Ti 1.893 0.953 1.99 
Tl 0.009 0.009 0.97 
V 2.544 2.121 1.20 





Analyte Spatial SD Temporal SD Ratio SDs 
(Spat/Temp) 
    
Abs_coef   0.267    0.626   0.43 
Ag   0.014    0.126   0.11 
Al  18.035   21.351   0.84 
As   0.132    0.544   0.24 
Be   0.001    0.002   0.59 
Ca  21.537   26.103   0.83 
Cd   0.091    0.117   0.78 
Co   0.025    0.046   0.55 
Cr   0.707    0.984   0.72 
Cs   0.001    0.001   0.90 
Cu   1.135    2.617   0.43 
Fe  30.317   67.108   0.45 
K  11.784   22.612   0.52 
La   0.125    0.173   0.72 
Mg   9.907   21.721   0.46 
Mn   1.496    1.645   0.91 
Mo   0.144    0.294   0.49 
Na  70.051  144.095   0.49 
Ni   9.369    1.894   4.94 
PM2_5   5.232    5.269   0.99 
Pb   3.245    2.794   1.16 
Pt   0.001    0.002   0.57 
S 414.104  690.099   0.60 
Sb   0.346    0.803   0.43 
Sc   0.002    0.003   0.62 
Se   0.766    1.863   0.41 
Sn   1.725    3.406   0.51 
Ti  15.693    4.781   3.28 
Tl   0.006    0.004   1.58 
V   1.139    3.480   0.33 







Analyte Spatial SD Temporal SD Ratio SDs 
(Spat/Temp) 
    
Abs_coef 0.393 0.657 0.60 
Ag 0.108 0.095 1.14 
Al 47.184 34.760 1.36 
As 0.236 0.166 1.43 
Be 0.001 0.001 1.15 
Ca 105.114 25.690 4.09 
Cd 0.266 0.133 2.01 
Co 0.352 0.167 2.11 
Cr 18.319 1.495 12.25 
Cs 0.007 0.008 0.92 
Cu 2.871 11.217 0.23 
Fe 148.766 61.376 2.42 
K 38.398 24.788 1.55 
La 0.103 0.146 0.70 
Mg 168.897 78.423 2.15 
Mn 12.090 1.500 8.06 
Mo 2.138 0.351 6.09 
Na 107.224 152.218 0.70 
Ni 7.099 5.94 1.19 
PM2_5 3.379 4.19 0.81 
Pb 20.791 4.35 4.78 
Pt 0.001 0.00 0.88 
S 433.562 705.04 0.61 
Sb 1.074 0.85 1.27 
Sc 0.006 0.00 1.26 
Se 1.630 1.48 1.10 
Sn 7.284 3.68 1.98 
Ti 35.619 3.48 10.24 
Tl 0.005 0.01 0.45 
V 1.358 2.58 0.53 






Table 4A.  Variance estimates (mean square error), variance component estimates and ratio of spatial 
to temporal variance for outdoor air toxics by city and season (mixed procedure). School roof and 
home outdoor. Modeled by location (site) and time (week). 
Analyte City Season MSE Variance components 
   Location Week Residual Explain Spatial Temp Sp/Tp 
      % % % Ratio 
Abs_coef LA F 0.09 2.07 0.07 96.89 4.13 95.87 0.04 
 LA W 0.06 1.06 0.24 82.50 5.34 94.66 0.06 
 NY S 0.60 0.63 0.40 75.17 48.77 51.23 0.95 
 NY  W 4.30 1.77 0.46 92.92 70.85 29.15 2.43 
Ag LA F 0.05 0.01 0.01 91.4340 88.62 11.38 7.78 
 LA W 0.00 0.04 0.01 85.36 9.71 90.29 0.11 
 NY S 0.00 0.00 0.00 90.82 71.44 28.56 2.50 
 NY W 0.00 0.00 0.00 77.69 34.57 65.44 0.53 
Al LA F 551 3545 302 93.13 13.45 86.55 0.16 
 LA  W 781 9300 1752 85.19 7.75 92.25 0.08 
 NY S 2068 11269 2804 82.63 15.51 84.49 0.18 
 NY W 779 931 175 90.71 45.55 54.45 0.84 
As LA F 0.24 0.46 0.09 88.50 34.27 65.73 0.52 
 LA W 0.16 0.08 0.02 92.02 66.56 33.44 1.99 
 NY S 0.02 0.12 0.02 86.00 15.24 84.75 0.18 
 NY W . . . . . . . 
Be LA F 0.00 0.00 0.00 94.21 9.06 90.94 0.10 
 LA W 0.00 0.00 0.00 89.75 4.01 95.99 0.04 
 NY S 0.00 0.00 0.00 69.50 1.56 98.44 0.02 
 NY W . . . . . . . 
Ca LA  F 742 3266 239 94.37 18.52 81.48 0.23 
 LA W 2818 14530 7279 70.44 16.24 83.76 0.19 
 NY S 1747 1479 368 89.77 54.15 45.85 1.18 
 NY W 3798 1962 547 91.33 65.93 34.07 1.94 
Cd LA  F 0.01 0.18 0.01 96.90 2.90 97.10 0.03 
 LA W 0.00 0.07 0.05 60.06 1.10 98.90 0.011 
 NY S 0.01 0.01 0.00 85.07 35.47 64.53 0.55 
 NY W 0.00 0.04 0.00 90.44 1.60 98.40 0.02 
Co LA F 0.00 0.01 0.00 96.75 10.78 89.22 0.12 
 LA W 0.37 0.42 0.06 92.76 46.27 53.73 0.86 
 NY S 0.45 0.62 0.09 92.57 42.14 57.86 0.73 
 NY  W 4.41 1.02 0.35 93.95 81.14 18.86 4.30 
Cr LA F 0.36 4.78 0.31 94.25 6.984 93.02 0.08 
 LA W 108.09 199.72 211 59.30 35.12 64.89 0.54 
 NY S 0.05 0.30 0.20 62.93 13.57 86.43 0.16 
 NY W . . . . . . . 
Cs LA F 0.00 0.00 0.00 98.46 79.66 20.34 3.92 
 LA W 0.00 0.00 0.00 76.32 12.09 87.91 0.14 
 NY S 0.00 0.00 0.00 80.68 64.70 35.30 1.83 
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 NY W 0.00 0.00 0.00 90.82 33.88 66.12 0.51 
Cu LA F 7.03 22.93 1.33 95.74 23.45 76.55 0.31 
 LA W 50.81 53.20 50.48 67.33 48.85 51.15 0.95 
 NY S 965 1009 1152 63.14 48.89 51.11 0.96 
 NY W 21.06 12.04 7.45 81.63 63.63 36.37 1.75 
Fe LA F 5686 15943 900 96.00 26.29 73.71 0.36 
 LA W 9753 92293 12845 88.82 9.56 90.44 0.11 
 NY S 14247 11270 2463 91.20 55.83 44.17 1.26 
 NY W 15186 3910 1096 94.5698 79.52 20.48 3.88 
K LA F 59.16 2628 193.7 93.28 2.20 97.80 0.02 
 LA W 6.01 4284 922.3 82.30 0.14 99.86 0.001 
 NY S 2215 6414 3579 70.68 25.67 74.33 0.35 
 NY W 850.08 629 201.41 88.01 57.48 42.52 1.35 
La LA F 0.00 0.15 0.01 94.77 0.69 99.31 0.01 
 LA W 0.02 0.13 0.01 93.59 14.18 85.82 0.17 
 NY S 0.32 0.15 0.09 84.63 67.44 32.56 2.07 
 NY W 0.90 0.17 0.17 86.24 83.82 16.18 5.18 
Mg LA F 133.78 3356 75.70 97.88 3.83 96.17 0.04 
 LA W 35382 20381 19809 73.77 63.45 36.55 1.74 
 NY S 0.30 1601 704.0 69.47 0.02 99.98 0.0002 
 NY W 522 312 120.5 87.37 62.64 37.36 1.68 
Mn LA F 2.86 17.47 1.31 93.95 14.05 85.95 0.16 
 LA  W 112.74 242 81.06 81.40 31.79 68.21 0.47 
 NY S 2.08 3.43 0.91 85.80 37.73 62.27 0.61 
 NY W 0.14 6.02 3.50 63.76 2.31 97.69 0.02 
Mo LA F 0.06 0.65 0.02 97.73 8.58 91.43 0.09 
 LA W 0.39 3.45 3.71 50.84 10.07 89.93 0.11 
 NY S . . . . . . . 
 NY W . . . . . . . 
Na LA F 9806 172065 5168 97.24 5.40 94.61 0.06 
 LA W 65004 69412 12007 91.7997 48.36 51.64 0.94 
 NY S 179.78 18252 1898 90.67 0.98 99.02 0.01 
 NY W 17036.80 10764 1787 93.96 61.28 38.72 1.58 
Ni LA F 352.63 175 55.58 90.47 66.84 33.16 2.02 
 LA W 200.72 31.7 14.25 94.22 86.38 13.62 6.34 
 NY S 52.13 109.0 17.28 90.30 32.40 67.60 0.48 
 NY W 2377 1261 203.7 94.70 65.34 34.66 1.89 
PM2.5 LA F 20.12 579 19.97 96.78 3.36 96.64 0.04 
 LA W 0.52 151.0 8.28 94.82 0.34 99.66 0.003 
 NY S 24.27 107.0 47.75 73.30 18.51 81.49 0.227 
 NY W 59.76 52.22 9.25 92.37 53.37 46.63 1.14 
Sb LA F 10.20 59.82 8.00 89.75 14.56 85.44 0.17 
 LA W 14.92 523.4 262.7 67.21 2.77 97.23 0.03 
 NY S 48.49 49.53 16.07 85.91 49.47 50.53 0.98 
 NY W 8.66 17.91 8.52 75.72 32.59 67.41 0.48 
Pt LA F 0.00 0.00 0.00 94.71 23.16 76.84 0.30 
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 LA W 0.00 0.00 0.00 77.77 28.85 71.15 0.41 
 NY S 0.00 0.00 0.00 91.30 76.81 23.19 3.31 
 NY W 0.00 0.00 0.00 72.54 26.70 73.30 0.36 
S LA F 177351 429293 160960 96.52 4.00 96.03 0.04 
 LA W 102577 3062295 193186 94.25 3.24 96.76 0.03 
 NY  S 1282834 3191094 1600403 73.65 28.67 71.3265 0.40 
 NY W 506 452222 100018 81.91 0.12 99.89 0.001 
Sb LA F 0.04 3.20 0.17 95.04 1.24 98.76 0.013 
 LA W 2.39 2.65 0.69 88.00 47.42 52.58 0.90 
 NY S 0.51 0.65 0.26 81.94 44.11 55.89 0.79 
 NY W 0.73 2.17 0.87 76.88 25.23 74.77 0.34 
Sc LA F 0.00 0.00 0.00 93.77 0.18 99.82 0.002 
 LA W 0.00 0.00 0.00 86.02 10.99 89.01 0.12 
 NY S 0.00 0.00 0.00 85.81 42.77 57.23 0.75 
 NY W 0.00 0.00 0.00 89.26 34.96 65.0430 0.54 
Se LA F 2.92 10.37 1.07 92.58 21.95 78.05 0.28 
 LA W 0.28 6.91 1.15 86.16 3.92 96.08 0.04 
 NY S 1.26 0.45 0.23 88.33 73.94 26.06 2.84 
 NY W . . . . . . . 
Sn LA F 1.56 107.26 2.44 97.80 1.44 98.56 0.01 
 LA  W 0.01 187.32 37.31 83.39 0.01 99.99 0.0001 
 NY S 0.79 0.47 0.21 85.80 62.84 37.16 1.69 
 NY W 0.15 1.06 0.24 83.55 12.23 87.77 0.14 
Ti LA F 105.17 632.35 175.77 80.75 14.26 85.74 0.17 
 LA W 726.28 1563.08 742.0 75.53 31.72 68.28 0.46 
 NY S 0.56 51.81 11.97 81.40 1.07 98.93 0.01 
 NY W 8.40 6.64 1.39 91.51 55.84 44.16 1.26 
Tl LA F 0.00 0.00 0.00 92.56 2.23 97.77 0.02 
 LA W 0.00 0.00 0.00 86.50 68.38 31.62 2.16 
 NY S 0.00 0.00 0.00 67.70 35.07 64.93 0.54 
 NY W 0.00 0.00 0.00 90.86 59.06 40.94 1.44 
V LA F 8.09 100.35 2.14 98.06 7.46 92.54 0.08 
 LA W 4.96 29.47 2.28 93.78 14.40 85.60 0.17 
 NY S 0.08 14.31 3.57 80.11 0.58 99.42 0.006 
 NY W 54.96 27.98 4.98 94.34 66.27 33.73 1.96 
Zn LA F 538.38 1878.85 140.88 94.49 22.27 77.73 0.29 
 LA W 310.43 2365.72 1293.41 67.42 11.60 88.40 0.13 
 NY S 6614 758.73 979.54 88.27 89.71 10.29 8.72 





Table 4B.  Variance estimates (mean square error), variance components and ratio of spatial to 
temporal variance outdoor air toxics, by city and season (mixed procedure, fixed effects). Outdoor 
sites: School roof and home outdoor. Modeled by location (site) and week (time). No outliers. 
Analyte City Seas
on 
MSE Variance components 
   Location Week Residual Explain Spatial Temp Sp/Tp 
      % % % Ratio 
Abs_coef LA F 0.09 2.07 0.07 96.89 4.13 95.87 0.04 
 LA W 0.06 1.06 0.24 82.50 5.34 94.66 0.06 
 NY S 0.60 0.63 0.40 75.17 48.77 51.23 0.95 
 NY  W 4.30 1.77 0.46 92.92 70.85 29.15 2.43 
Ag LA F 0.02 0.00 0.00 89.55 90.06 9.94 9.06 
 LA W 0.01 0.03 0.00 91.10 27.72 72.28 0.38 
 NY S 0.00 0.00 0.00 92.94 64.32 35.68 1.80 
 NY W 0.00 0.00 0.00 69.45 13.21 86.79 0.15 
Al LA F 551.04 3544.73 302 93.13 13.45 86.55 0.16 
 LA  W 1576.15 4260.73 666.22 89.76 27.72 73.00 0.37 
 NY S 461.65 806.93 205.79 86.04 36.39 63.61 0.57 
 NY W 779.17 931.44 175.10 90.71 45.55 54.45 0.84 
As LA F 0.00 0.29 0.01 95.30 1.14 98.86 0.01 
 LA W 0.16 0.08 0.02 92.02 66.56 33.44 1.99 
 NY S 0.02 0.12 0.02 85.99 15.24 84.76 0.18 
 NY W . . . . . . . 
Be LA F 0.00 0.00 0.00 94.86 29.44 70.56 0.42 
 LA W 0.00 0.00 0.00 89.75 4.01 95.99 0.04 
 NY S 0.00 0.00 0.00 66.11 7.75 92.25 0.08 
 NY W . . . . . . . 
Ca LA  F 742.29 3266.42 239 94.37 18.52 81.48 0.23 
 LA W 166.72 3548.49 561.72 86.87 40.58 95.51 0.68 
 NY S 2449.34 1332.54 284.96 92.99 78.06 35.23 3.56 
 NY W 3797.93 1962.44 546.54 91.33 89.90 34.07 8.90 
Cd LA  F 0.01 0.18 0.01 96.90 2.90 97.10 0.03 
 LA W 0.00 0.01 0.02 41.20 94.88 5.12 18.53 
 NY S 0.01 0.01 0.00 85.07 52.73 47.27 1.12 
 NY W 0.00 0.04 0.00 90.44 46.42 53.58 0.87 
Co LA F 0.00 0.01 0.00 96.75 10.78 89.22 0.12 
 LA W 0.19 0.18 0.04 91.24 57.07 42.93 1.33 
 NY S 0.45 0.62 0.09 92.57 79.46 20.54 3.87 
 NY  W 4.41 1.02 0.35 93.95 93.85 6.15 15.25 
Cr LA F 0.36 4.78 0.31 94.26 6.98 93.02 0.08 
 LA W 0.81 1.86 0.52 83.73 50.92 49.08 1.04 
 NY S 0.10 0.17 0.06 81.73 18.69 81.31 0.23 
 NY W . . . . . . . 
Cs LA F 0.00 0.00 0.00 98.46 79.66 20.34 3.92 
 LA W 0.00 0.00 0.00 90.45 18.28 81.72 0.22 
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 NY S 0.00 0.00 0.00 76.22 31.85 68.1496 0.47 
 NY W 0.00 0.00 0.00 90.82 33.88 66.1219 0.51 
Cu LA F 7.03 22.93 1.33 95.74 23.45 76.5469 0.31 
 LA W 1.06 25.27 5.33 83.16 4.04 95.9639 0.04 
 NY S 53.18 18.24 8.50 89.36 74.46 25.5355 2.91 
 NY W 21.06 12.04 7.45 81.63 63.63 36.3706 1.75 
Fe LA F 5686 1.59e4 900.26 96.00 26.29 73.7110 0.36 
 LA W 3284.76 1.20e4 1348 91.90 21.48 78.5216 0.27 
 NY S 1.86e4 9892 2060 93.26 65.29 34.7081 1.88 
 NY W 1.52e4 3910 1096 94.57 79.52 20.4775 3.88 
K LA F 119.72 1953.28 116.89 94.66 5.78 94.2248 0.06 
 LA W 1754.64 1920.24 216.36 94.44 47.75 52.2531 0.91 
 NY S 437.21 990.74 285.92 83.32 30.61 69.3818 0.44 
 NY W 850.08 628.87 201.41 88.01 57.48 42.5214 1.35 
La LA F 0.00 0.15 0.01 94.77 0.69 99.31 0.007 
 LA W 0.02 0.13 0.01 93.59 14.18 85.82 0.17 
 NY S 0.32 0.15 0.09 84.66 67.44 32.56 2.07 
 NY W 0.90 0.17 0.17 86.24 83.85 16.18 5.18 
Mg LA F 133.78 3356 75.69 97.88 3.83 96.17 0.04 
 LA W 3.5e5 2.0e5 19809 73.79 63.45 36.55 1.74 
 NY S 0.30 1601 704 69.47 0.025 99.98 0.0002 
 NY W 522.29 312 121 87.37 62.64 37.36 1.68 
Mn LA F 2.86 17.47 1.31 93.95 14.05 85.95 0.16 
 LA  W 112.74 241.90 81.06 81.40 31.79 68.21 0.47 
 NY S 2.08 3.43 0.91 85.80 37.73 62.27 0.61 
 NY W 0.14 6.02 3.50 63.76 2.31 97.69 0.02 
Mo LA F 0.06 0.65 0.02 97.73 8.57 91.43 0.09 
 LA W 0.39 3.45 3.71 50.84 10.07 89.93 0.11 
 NY S . . . . . . . 
 NY W . . . . . . . 
Na LA F 9.81e4 1.70e5 5168 97.24 5.39 94.61 0.060 
 LA W 6.50e5 6.90e5 12007 91.80 48.36 51.64 0.94 
 NY S 179.78 1.80e4 1898 90.67 0.98 99.02 0.01 
 NY W 1.70e4 1.10e4 1787 93.96 61.28 38.72 1.58 
Ni LA F 352.63 174.97 55.58 90.47 66.84 33.16 2.02 
 LA W 200.72 31.65 14.25 94.22 86.38 13.62 6.34 
 NY S 52.13 108.79 17.28 90.30 32.40 67.60 0.48 
 NY W 2.38e3 1.26e3 203.74 94.70 65.34 34.66 1.89 
PM2.5 LA F 20.12 579.39 19.97 96.78 3.36 96.64 0.03 
 LA W 0.52 150.97 8.28 94.82 0.34 99.66 0.003 
 NY S 24.27 106.84 47.75 73.30 18.51 81.49 0.23 
 NY W 59.76 52.22 9.25 92.37 53.37 46.63 1.14 
Pb LA F 10.20 59.82 8.00 89.75 14.56 85.44 0.17 
 LA W 14.92 523.39 262.67 67.21 2.77 97.23 0.03 
 NY S 48.49 49.53 16.07 85.91 49.47 50.53 0.98 
 NY W 8.66 17.91 8.52 75.72 32.59 67.41 0.48 
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Pt LA F 0.00 0.00 0.00 94.71 23.16 76.84 0.30 
 LA W 0.00 0.00 0.00 77.77 28.85 71.15 0.41 
 NY S 0.00 0.00 0.00 91.30 76.81 23.19 3.31 
 NY W 0.00 0.00 0.00 72.54 26.70 73.30 0.36 
S LA F 1.77e5 4.29e6 1.60e4 96.52 3.97 96.03 0.04 
 LA W 1.02e5 3.06e6 2.00e5 94.25 3.24 96.76 0.03 
 NY S 1.28e6 3.19e6 1.60e6 73.65 28.67 71.33 0.40 
 NY W 506 4.52e5 1.00e5 81.90 0.112 99.89 0.001 
Sb LA F 0.04 3.20 0.17 95.04 1.241 98.76 0.01 
 LA W 9.24 2.62 0.62 95.00 47.42 52.58 0.90 
 NY S 1.90 0.51 0.10 96.12 44.11 55.89 0.80 
 NY W 3.02 0.60 0.23 94.04 25.23 74.76 0.34 
Sc LA F 0.00 0.00 0.00 93.77 0.176 99.82 0.002 
 LA W 0.00 0.00 0.00 91.99 10.989 89.01 0.12 
 NY S 0.00 0.00 0.00 86.04 42.77 57.23 0.75 
 NY W 0.00 0.00 0.00 89.26 34.95 65.04 0.54 
Se LA F 2.92 10.37 1.07 92.58 21.95 78.05 0.28 
 LA W 8.44 4.51 0.96 93.11 3.9165 96.08 0.04 
 NY S 0.65 0.67 0.24 84.70 73.94 26.06 2.84 
 NY W . . . . . . . 
Sn LA F 1.56 107.26 2.44 97.80 1.44 98.56 0.01 
 LA  W 0.01 187.32 37.31 83.39 0.007 99.99 0.0001 
 NY S 0.79 0.47 0.21 85.80 62.84 37.16 1.69 
 NY W 0.15 1.06 0.24 83.55 12.23 87.77 0.14 
Ti LA F 105.17 632.32 175.77 80.75 14.26 85.74 0.17 
 LA W 726.28 1563 741.70 75.53 31.72 68.28 0.46 
 NY S 0.56 51.81 11.97 81.40 1.07 98.93 0.01 
 NY W 8.40 6.64 1.39 91.51 55.84 44.16 1.26 
Tl LA F 0.00 0.00 0.00 92.56 2.23 97.77 0.02 
 LA W 0.00 0.00 0.00 86.50 68.38 31.62 2.16 
 NY S 0.00 0.00 0.00 67.70 35.07 64.93 0.54 
 NY W 0.00 0.00 0.00 90.86 59.06 40.94 1.44 
V LA F 8.09 100.35 2.14 98.06 7.46 92.54 0.08 
 LA W 4.96 29.47 2.28 93.78 14.40 85.60 0.17 
 NY S 0.08 14.31 3.57 80.11 0.58 99.42 0.01 
 NY W 54.96 27.98 4.98 94.34 66.27 33.73 1.96 
Zn LA F 538.38 1879 140.88 94.49 22.27 77.73 0.29 
 LA W 310.43 2365 1293.41 67.42 11.60 88.4 0.13 
 NY S 6613 758.73 979.54 88.27 89.71 10.29 8.72 





Table 5.  Variance modeled by location (site) and time (day), mixed procedure (fixed effects). Outdoor 
sites: School roof and home outdoor.  
Analyte City Season MSE Variance components 
   Location Day Residual Explain Spatial Temp Sp/Tp 
      % % % Ratio 
Abs LA F 0.01 0.82 0.03 96.21 0.63 99.37 0.006 
 LA W 0.28 0.72 0.11 90.15 27.95 72.05 0.39 
 NY S 0.03 0.82 0.18 82.68 3.65 96.35 0.04 
 NY  W 1.45 1.04 0.41 85.89 58.15 41.85 1.39 
Ag LA F 0.00 0.02 0.00 98.96 0.46 99.54 0.005 
 LA W 0.01 0.02 0.01 81.35 35.83 64.16 0.56 
 NY S 0.00 0.00 0.00 77.17 63.03 36.97 1.70 
 NY W 0.00 0.00 0.00 69.11 9.48 90.51 0.10 
Al LA F 81.17 1394 297.05 83.23 5.50 94.50 0.06 
 LA  W 590 3563 2093.46 66.49 14.20 85.80 0.17 
 NY S 452 9200 169.50 98.27 4.69 95.31 0.05 
 NY W 58.83 484 158.44 77.42 10.83 89.17 0.12 
As LA F 0.00 0.39 0.01 96.32 0.01 99.99 9.0e-5 
 LA W 0.16 0.04 0.02 90.45 79.61 20.39 3.90 
 NY S 0.00 0.08 0.01 93.24 0.78 99.22 0.008 
 NY W . . . . . . . 
Be LA F 0.00 0.00 0.00 96.60 10.24 89.76 0.11 
 LA W 0.00 0.00 0.00 80.46 35.50 64.50 0.55 
 NY S 0.00 0.00 0.00 85.60 6.53 93.47 0.07 
 NY W . . . . . . . 
Ca LA  F 218 1269 229.87 86.61 14.63 85.37 0.17 
 LA W 2674 5023 10068 43.33 34.74 65.26 0.53 
 NY S 1356 875 259.30 89.59 60.77 39.23 1.55 
 NY W 588 860 659.75 68.67 40.56 59.44 0.68 
Cd LA  F 0.00 0.06 0.01 92.10 5.33 94.68 0.06 
 LA W 0.00 0.04 0.06 39.38 3.00 97.00 0.03 
 NY S 0.00 0.01 0.00 78.76 34.34 65.66 0.52 
 NY W 0.00 0.02 0.00 90.41 1.87 98.13 0.02 
Co LA F 0.00 0.01 0.00 93.09 5.16 94.84 0.05 
 LA W 0.05 0.17 0.07 76.11 22.30 77.70 0.29 
 NY S 0.15 0.25 0.09 81.83 36.85 63.15 0.58 
 NY  W 1.68 0.49 0.41 84.22 77.21 22.79 3.39 
Cr LA F 0.02 2.01 0.22 90.20 1.12 98.88 0.01 
 LA W 70.08 83.34 287.21 34.83 45.68 54.32 0.84 
 NY S 0.26 0.35 0.11 84.43 42.60 57.40 0.74 
 NY W . . . . . . . 
Cs LA F 0.00 0.00 0.00 97.77 73.60 26.40 2.79 
 LA W 0.00 0.00 0.00 71.32 4.97 95.03 0.05 
 NY S 0.00 0.00 0.00 97.98 5.81 94.20 0.06 
 NY W 0.00 0.00 0.00 89.43 8.81 91.20 0.10 
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Cu LA F 0.03 10.75 0.33 97.05 0.29 99.71 0.003 
 LA W 0.52 126.86 5.57 95.81 0.41 99.59 0.004 
 NY S 412.90 420.32 1641 33.67 49.56 50.45 0.98 
 NY W 2.00 10.02 6.97 63.30 16.63 83.37 0.20 
Fe LA F 835.42 7162 333.9 96.00 10.45 89.55 0.12 
 LA W 457.33 35826 14249 71.80 1.26 98.74 0.01 
 NY S 7384 6456 1624.55 89.50 53.35 46.65 1.14 
 NY W 1791 2131 1097.55 78.13 45.66 54.34 0.84 
K LA F 246.70 1143 130.86 91.40 17.75 82.25 0.22 
 LA W 262.44 1753 1068.55 65.35 13.02 86.98 0.15 
 NY S 85.20 8612 632.41 93.22 0.98 99.02 0.01 
 NY W 190.41 406.09 175.78 77.24 31.92 68.08 0.47 
La LA F 0.00 0.05 0.01 85.40 1.02 98.98 0.01 
 LA W 0.00 0.05 0.01 86.22 1.82 98.18 0.02 
 NY S 0.22 0.10 0.09 78.62 68.38 31.62 2.16 
 NY W 0.29 0.09 0.21 64.22 76.51 23.49 3.26 
Mg LA F 1.85 1262 33.45 97.42 0.15 99.85 0.001 
 LA W 27637 11745 24848 61.31 70.18 29.82 2.35 
 NY S 324.68 1256 650.76 70.83 20.55 79.45 0.26 
 NY W 160.80 159.89 138.34 69.86 50.14 49.86 1.01 
Mn LA F 0.00 6.78 1.27 84.19 0.066 99.93 0.0007 
 LA  W 33.04 100.25 100.61 56.99 24.79 75.21 0.32 
 NY S 1.15 2.15 0.61 84.45 34.85 65.15 0.53 
 NY W 0.00 10.18 0.38 96.43 0.03 99.97 0.0003 
Mo LA F 0.00 0.24 0.01 96.25 1.40 98.60 0.01 
 LA W 0.39 3.45 3.71 50.84 10.07 89.93 0.11 
 NY S . . . . . . . 
 NY W . . . . . . . 
Na LA F 15.74 68548 1646.18 97.66 0.02 99.98 0.0002 
 LA W 23617 37285 7837.43 88.60 38.78 61.22 0.63 
 NY S 1842 8556 880.25 92.20 17.71 82.20 0.23 
 NY W 27981 9811 699.78 94.74 22.19 77.81 0.29 
Ni LA F 1599 71.82 66.29 77.67 68.86 31.14 2.21 
 LA W 102.29 21.92 12.98 90.54 82.35 17.65 4.67 
 NY S 17.55 44.97 18.42 77.24 28.07 71.93 0.39 
 NY W 1245 508.76 249.56 87.54 71.00 29.00 2.45 
PM2.5 LA F 30.37 208.03 19.25 92.53 12.74 87.26 0.15 
 LA W 0.07 54.18 7.99 87.17 0.13 99.87 0.001 
 NY S 52.68 121.71 11.53 93.80 30.21 69.79 0.43 
 NY W 23.79 37.02 2.95 95.37 39.13 60.87 0.64 
Pb LA F 0.06 22.82 9.11 71.51 0.27 99.73 0.003 
 LA W 28.74 182.53 357.10 37.17 13.60 86.40 0.16 
 NY S 16.31 28.87 14.58 75.61 36.10 63.90 0.578 
 NY W 0.00 13.87 7.49 64.92 0.002 100.00 2.0e-5 
Pt LA F 0.00 0.00 0.00 93.92 0.47 99.53 0.005 
 LA W 0.00 0.00 0.00 81.33 47.85 52.15 0.92 
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 NY S 0.00 0.00 0.00 85.33 83.14 16.86 4.93 
 NY W 0.00 0.00 0.00 51.39 4.70 95.301 0.05 
S LA F 1413 1.65e6 109522 93.79 0.09 99.91 0.0009 
 LA W 62246 1.15e6 169802 87.68 5.15 94.85 0.05 
 NY S 1.33e6 3.85e6 355428 93.58 25.68 74.32 0.35 
 NY W 52864 336525 42070 90.25 13.58 86.42 0.16 
Sb LA F 0.07 1.44 0.05 96.64 4.492 95.51 0.05 
 LA W 0.48 1.14 0.78 67.36 29.41 70.60 0.42 
 NY S 0.34 0.60 0.11 89.90 36.65 63.35 0.58 
 NY W 1.11 1.66 0.71 79.62 40.04 59.96 0.67 
Sc LA F 0.00 0.00 0.00 90.51 11.36 88.64 0.13 
 LA W 0.00 0.00 0.00 65.46 0.17 99.83 0.002 
 NY S 0.00 0.00 0.00 95.05 1.37 98.64 0.01 
 NY W 0.00 0.00 0.00 79.89 2.20 97.81 0.02 
Se LA F 0.67 5.76 0.34 94.99 10.45 89.55 0.12 
 LA W 1.10 2.77 1.28 75.08 28.54 71.46 0.40 
 NY S 0.00 0.54 0.05 91.99 0.25 99.75 0.002 
 NY W . . . . . . . 
Sn LA F 0.92 38.11 2.11 94.86 2.35 97.66 0.02 
 LA  W 20.43 69.57 46.28 66.04 22.70 77.30 0.29 
 NY S 0.78 0.34 0.15 88.04 69.80 30.20 2.31 
 NY W 0.13 0.69 0.16 83.95 15.56 84.44 0.18 
Ti LA F 39.61 222.46 223.72 53.95 15.12 84.88 0.18 
 LA W 598.20 588.05 995.30 54.38 50.43 49.57 1.02 
 NY S 8.24 40.32 0.82 98.34 16.96 83.04 0.20 
 NY W 1.59 2.97 1.59 74.14 34.94 65.06 0.54 
Tl LA F 0.00 0.00 0.00 78.12 9.32 90.68 0.10 
 LA W 0.00 0.00 0.00 93.52 22.99 77.01 0.30 
 NY S 0.00 0.00 0.00 81.35 33.82 66.19 0.51 
 NY W 0.00 0.00 0.00 87.02 35.39 64.61 0.55 
V LA F 0.04 38.33 0.58 98.52 0.10 99.90 0.001 
 LA W 2.01 12.39 1.42 91.01 13.94 86.06 0.16 
 NY S 5.61 9.89 1.52 91.08 36.20 63.80 0.57 
 NY W 7.48 14.31 4.51 82.86 34.34 65.66 0.52 
Zn LA F 20.85 819.54 95.73 89.77 2.48 97.52 0.03 
 LA W 47.99 1704 1253 58.31 2.74 97.26 0.03 
 NY S 2637 303.7 1412 67.56 89.67 10.33 8.67 
 NY  W 587.9 225.6 762.8 51.61 72.27 27.73 2.61 
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Figure 1.A-D.  Outdoor spatial/temporal variability. Ratios of standard deviations by city and season.  
(All days of week included for estimation of temporal variance). 
A: New York Summer 
 




C: LA Fall 
 
 






Figure 2 A-D. .  Outdoor spatial/temporal ratios of modeled variance by city and season. Model: 
location (urban outdoor sites) and time (week). 2E-H: After extreme outliers were removed. 
2A. New York Summer 
 





2C. Los Angeles Fall. 
 





Figure 2 E-H. Outdoor spatial/temporal ratios: Modeled variance, by location and week. Extreme 
outliers removed. 
2E. New York Summer 
 






2G. Los Angeles Fall 
 




Figure 3.  Outdoor spatial/temporal ratios of modeled variance by city and season. Model: urban 
outdoor sites (location) and time (day). 3A-D: All data; 3E-H: Extreme outliers removed. 
3A. New York Summer 
 




3C. Los Angeles Fall 
 




3E.  New York Summer 
 





3G: Los Angeles Fall 
 





Figure 4.  Outdoor spatial/temporal ratios of modeled variance by city and season. Cross random 
effects model: urban vs. upwind (indicator; fixed), sites (location, day; random).  
4A. New York Summer 
 





4C. Los Angeles Fall 
 













Specific Aim 3:  
 
Modeling of personal exposures to particle-associated air toxics using time-activity survey 
and micro-environmental air sampling inputs from a study of inner city high school 






Asthma occurs with greater frequency in the inner city compared to non-urban 
environments1,2.  Exposure to environmental triggers, ethnic differences, socio-economic factors 
and/or access to health care may contribute to this observation.  Of public health interest, since it 
can be at least partially regulated, is the role of inhaled particulates in the disproportionate 
burden of inner city asthma, including exposure to air toxics at home, at school, and in other 
locations.    
Several large asthma networks have been established over the past 15 years to promote 
asthma research in the inner city including the National Cooperative Inner-City Asthma Study 
(NCICAS; 1991-1997) 3, the National Inner City Asthma Study (NICAS; 1994-2001) 4 and the 
Inner City Asthma Consortium (ICAC; 2002-2009 and 2009-2014) 5.  Although much 
environmental information has been or is being captured in these studies and their sub-studies, 
this has  largely focused on home environmental exposures to tobacco smoke, to aeroallergens 
and allergic sensitization, and in the last case, clinical research protocol implementation to assess 
pharmacologic interventions focused on allergic mechanisms. Information about other 
environmental exposures, such as determination of types of air toxic exposure, quantification and 
source, is not available from these large studies.   
Critical to the understanding of the risk of asthma in the inner city is to understand the 
environments in which these individuals live.  This should include an assessment of particulate 
air toxics exposures that encompasses both indoor as well as outdoor environments, reflecting 
the pattern of activities pursued in these environments, to capture the best quality composite 
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exposure information.  This type of information, specifically capable of assessing risk of 
exposures in microenvironments of inner city populations, is scarce.  
One example of data that can be utilized to understand personal exposure of inner city 
youth high school age is Toxic Exposure Assessment: A Columbia-Harvard Study (TEACH)6-10.   
TEACH was designed to collect and analyze data on personal exposures to urban air toxics in 
high school students located in New York City and Los Angeles in 1999 and 2000, to investigate 
the intensity and characteristics of air toxics exposure and factors related to same.  The TEACH 
database includes measurements of particle-associated air toxics exposures of inner city high 
school students, as well as detailed time-activity logs tracking the location and amount of time 
each student spent in various locations during the 48 hour sampling period. 
Due to marked temporal and spatial variability in concentrations of pollutants in the inner 
city, personal air toxics measurements are the gold standard for assessing integrated air pollution 
exposures relevant for inner city residents who dwell and transit through complicated 
microenvironments, but these direct measurement approaches are both time- and resource-
intensive.  The hypothesis generated was that micro-environmental exposures to air toxics are 
directly linked to measured personal exposure to air toxics and that this relationship can be 
assessed if the amount of time spent by each subject in these microenvironments and the levels 
of air toxics of microenvironments, at the time of personal air sampling, are  known.  If models 
incorporating micro-environmental air toxics concentrations are coupled with estimates of 
activities which place urban dwellers in specific microenvironments are employed, reliable 
assessments of personal exposures to air toxics in these urban environments might be possible.  
This could ultimately save time, resources, and be more amenable to repeated assessments of 
personal exposure in longitudinal studies in determining the evolution of personal air toxics 
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exposures over time.  The TEACH database provided personal exposure assessments to air toxics 
via direct sampling, and micro-environmental measurements of air toxics that were spatially and 
temporally linked to personal exposures, via a detailed log of activities generated by each subject 








1). The TEACH database. 
 
The TEACH study provided data for personal exposures of students to particle-associated 
air toxics that included measurements of exposure to PM2.5, black carbon, and a suite of trace 
elements (up to 29).   A total of 46 students from New York (38 winter, 41 summer; 33 
completed both summer and winter phases) and 41 students from Los Angeles (40 winter, 35 
fall; 34 completed both phases) were studied.  Air monitoring was carried out over two seasons 
in each city: summer and winter in New York (1999) and fall and winter in Los Angeles (2000).  
Simultaneous recording from personal, school, home indoor, and home outdoor data were 
collected over eight to nine weeks from non-smoking households.  In addition, air monitoring 
was conducted upwind and in the city at fixed sites at the school.  The sampling program for 
particle-associated air toxics consisted of 48 hour continuous collections.   
Each subject completed a time-activity diary during the specific 48-hr sampling period 
for that subject, which recorded activity and location information in blocks of time (15 min), 
including whether the subject was at home, in transit, what form of transit was being used 
(walking, motorbike, bus, train, car or cab) and whether the subject was smoking or exposed to 
smoking.    
 
2). Structuring of the dataset.   
   TEACH data were obtained directly from on-line sources via the Mickey Leland National 
Air Toxics website (https://sph.uth.edu/mleland/6). After obtaining administrative permits, 
relevant datasets were downloaded to SAS and merged to create an analysis dataset for the 
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analyses outlined in this study.  All analyses were conducted using SAS 9.3 (TS1/M2) (SAS 
Institute Inc., Cary NC, USA) licensed to Columbia University, with enhanced analytical 
products including SAS/STAT 12.1, SAS/ETS 12.1, SAS/OR 12.2, SAS/IML 12.1 and SAS/QC 
12.1, executing on the W32_7PRO  platform. 
Configuration of the database for analysis of time-activity was next performed. Each of 
the 14 specific activities recorded by time-activity-location diaries was assigned to 
microenvironments for purposes of providing estimates of air toxics exposures associated with 
time spent in specific activities in TEACH.  The three main microenvironments that were 
sampled in the TEACH study, were: home indoors (48 hour air toxics samples taken from each 
home coincident with personal air toxics sampling), home outdoors (air samplers located 
immediately outside the home, usually at the window level of the residential floor, measured on 
days coincident with personal air sampling), and air toxics data that could be linked temporally 
to personal air toxics measurements, obtained from the student’s high school (air samplers 
located on the school roof to directly capture outdoor and estimate indoor air toxics levels at 
school during the entire field season). The school roof sampler was analogous to a sampling 
location typically used for compliance sampling in cities.  Because specific time information was 
available, field measurements of air toxics could be analyzed according to the specific 48 hour 
period that personal air samples were obtained from each individual student.   
Assignment of each of the 14 logged activities surveyed in the 48 hr. student diaries was 
made to one of the four microenvironments.  Of the 14 categorized activities, five (5) were 
referred to the home indoor microenvironment which included: ‘time in the home’, ‘time other’, 
‘time cooking’, ‘time smoking’ (by the subject or by another individual).  For the smoking 
activities, it was assumed that the most relevant exposures to tobacco smoke occurred in the 
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home environment, since smoking was not allowed at school and smoking by others was to be 
recorded from exposures in a confined environment (same room).  Three (3) surveyed activities, 
‘home outdoor’, ‘other outdoor’ and ‘WRBB’ (walking, roller blading and biking) were referred 
to the  outdoor microenvironment, which assumed that the majority of this type of outdoor 
activity occurred in the neighborhood close to home, and thus was best assigned to the home 
outdoor air toxics levels.  Since no indoor monitors were placed in the schools, any of the two (2) 
activities related to the school, whether inside or outside, in the vicinity of the school, were 
calculated using estimates of air toxics from the school roof sampler.  This approach might be 
predicted to underestimate the ground level, traffic-related pollutant level but overestimate the 
indoor pollutant level.  The approach of approximating indoor air toxics exposures to outdoor 
levels of exposure has precedence in that levels of air toxics in the home have previously been 
shown to closely correlate with the spectrum of pollutant levels detected outside the home, 
including particle-associated elements, with indoor/outdoor ratios approximating 1.0 based on 
data available from New York TEACH8. Hence this approach was thought to provide a 
reasonable estimate of both indoor and outdoor air toxics concentrations near or in the school.  It 
was further reasoned that, although point estimates of contribution of school exposures might be 
less precise because of lack of differentiation of indoor and outdoor inputs, the correlation to 
personal exposures would still have value in assessing associations.   
Estimates of exposure to the transit microenvironment, in the form of 4 distinct transit-
associated activities (motorcycle, car/taxis, bus, subway/train), were not available in the main 
TEACH study, but were imputed in part from data obtained in a sub-study conducted in the New 
York subway setting, using identical methodology to that employed in the main TEACH study10, 
and used here for assignment of the exposure related to subway/train activity.  It should be noted 
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that time on subways or trains exclusively was only possible in New York City, since Los 
Angeles does not have a subway system. Cars and buses are the main form of motorized 
transportation in Los Angeles.   Estimates of exposure in these transportation environments, not 
specifically sampled in TEACH or substudy , were obtained from published literature 11-14.   
Exposures in enclosed automobiles traveling on highways were used for calculation of 
exposures connected to any activity related to automobiles (both car and taxi) 15.  Motorcycle 
estimates of exposure obtained in the literature were variable, however it has been observed that 
motorcycle exposures are approximately 3 times the particulate level detected in cars in the same 
geography (summarized by 
http://www.nzta.govt.nz/resources/research/reports/457/docs/457.pdf; 16), so the best estimate of 
air toxics exposures while traveling in a city inside an automobile for  pm2.5 (18 mcg/m3) was 
obtained and then that value was used to impute motorcycle exposures as three times the car 
value (54 mcg/m3). 
 Bus exposure estimates came from direct measurements of air toxics exposures in a bus 
from another city16, which were assumed to be similar to those likely experienced by riders in the 
closed environment of similar types of buses in New York and Los Angeles.  With the exception 
of subway, estimates of air toxics exposures in transit microenvironments were largely limited to 
levels of pm2.5. 
Estimates of exposures while riding a bike, roller blading or skate boarding  were 
assumed to be similar to those walking and generally considered to be dominated by the home 
outdoor environment, and were not analyzed separately from neighborhood-associated exposures 
captured by home outdoor monitors.   
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The percentage of entries left blank, were captured as ‘missing’ and not assigned to a 
particular microenvironment, since it was not clear that missing values would be more or less 
likely to be associated with any given exposure and thus were assumed to represent a source of 
error in the models. The proportion of missing values was similar across seasons in each city, but 
overall somewhat greater in New York compared to Los Angeles.  In Los Angeles, missing 
values comprised 11.8% and 12.5% (fall and winter, respectively), whereas in New York, these 
percentages were 17.3% and 15.2% (summer and winter, respectively). 
3). Methodology used to analyze the dataset. 
A). Configuring the analysis dataset 
The analysis dataset in SAS was generated by merging relevant primary TEACH 
datasets, downloaded from the Mickey Leland National Air Toxics Research Center website. 
This included demographic information, air toxics measurements, and time-activity data.  The 
percent of time students spent in individual activities was calculated by converting the available 
TEACH time activity data, logged at 15 minute intervals, to reflect the percentage of time spent 
in each 48 hour monitoring session associated with each specific activity.   
After grouping activities according to spatial proximity to one of three specific micro-
environmental air sampling locations used in the TEACH studies, defined as home indoor, home 
outdoor, and school roof (as described above), we computed time-activity adjusted micro-
environmental exposures to each of the particle-associated air toxics for each subject in TEACH, 
as the product of the percentage of activity-associated time exposed to that specific micro-
environment and the concentration of air toxic corresponding to that microenvironment, during 
the precise 48 hour period personal sampling of each individual was performed.  A similar 
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approach was taken to the generation of air toxics concentrations associated with transportation, 
not measured in the main TEACH study, which were imputed from a follow-on study to assess 
subway air toxics. Concentrations of air toxics from car, bus, motorcycle use were imputed from 
best available published and unpublished data from inner city environments in New York City, 
and Auckland, New Zealand and supportive information from New Haven and Los Angeles as 
described above. 
B). Analytical approaches to assess relationship between time-activity and personal air toxics 
exposures 
 After establishment of the dataset to be analyzed, we performed descriptive statistical 
analyses of the demographic and air toxics data, across cities and seasons (SAS proc means). We 
found that the distribution of personal air toxics exposures to pm2.5 and components generally 
followed a right skewed frequency distribution (most skewness scores in excess of |0.4|), and all 
failed formal Shapiro-Wilk tests of normality (data not shown). Across cities and seasons, 
personal exposures to black carbon generally exhibited skewness scores close to 0, passed the 
Shapiro-Wilk test, and were deemed to be normally distributed.   
We then sought to assess the time-activity relationship to personal air toxics exposure.  
We first calculated the correlation of specific activities with personal air toxics exposures, to 
assess whether and to what extent the percentage of time spent in these activities correlated to 
personal exposures to individual air toxics across groups, assessed by city and season, using 
Spearman correlation procedure in SAS.  We also calculated time-activity adjusted exposures to 
the various microenvironments to permit assessment the correlation of these exposures to actual 
personal air sampling data observed in each subject by city and season. 
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Personal exposures were then modeled as a continuous outcome variable in regression 
analysis (using the reg procedure in SAS) to determine how time-activity-adjusted micro-
environmental air toxics measurements predicted personal exposures to individual air toxics 
across cities and seasons.  Techniques included parametric procedures (linear regression) focused 
on raw personal analyte measurements that were normally distributed (limited to black carbon), 
as well as linear regression analysis of log transformed data for those analytes manifesting non-
normal frequency distributions (which applied to remainder of the analytes).  In addition to these 
methods, we applied non-parametric methods to assess the raw data of analytes with frequency 
distributions that failed normality testing, in performing median regression modeling using an 
experimental procedure in SAS (proc quantselect and proc quantreg) 17-18. These regression 
methods provided estimates of the contribution of individual time activity-adjusted micro-
environmental air toxics data to the prediction of personal air toxics exposures.  
In all cases of regression modeling, because of the modest sample size of the dataset, 
especially the case for analyses conducted according to city and season (range: 23 to 42 
observations), we employed stepwise regression with criterion for entry, a P-value of less than 
0.25, and criterion for staying in the model, a P-value less than 0.15.  An overall P-value of less 
than 0.05 was deemed statistically significant for the full models so generated. This methodology 
provided parsimonious modeling, providing predictive power with the fewest number of factors, 
to model personal exposures. Diagnostics were performed routinely for all regression analyses, 
which generated displays of the progression of selection, enabling assessment of the contribution 
of each of the variables chosen by the stepwise procedure as well as the distribution of residuals, 
which provided insight as to the adequacy of fit of the final models.   
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Because of spatial and temporal variability across specific city and season pairs, 
modeling was performed by city and season to generate city- and season-specific parameter-
estimates.  In addition, all analyses yielded y intercepts, and level of significance (P-values), as 
well as estimates of the proportion of variability that was explained by each factor independently 
(partial R2) and as a group for the final model selected (R2 for linear regression and adjusted R1, 
an analogous statistic, for quantile regression 19-21). As a secondary approach, in some cases, 
Mallow’s statistic (Cp) was also examined in the process of fitting models as a measure of 
precision or variance in estimating population regression coefficients 20.  Smaller Cp values, 
approximating the total number of the predictors in the model, would indicate that adding 
additional predictors were not be expected to improve precision.  
To interpret the parameter estimates (β, or coefficient), in regression, every one unit 
change in the independent variable predicts a regression coefficient change in the expected value 
of the dependent variable, holding all other predictors constant.  For natural log-transformed 
dependent variables, for each one unit increase in the independent variable, the log dependent 
variable is predicted to change by eβ, while all other variables in the model are held constant.  
Quantile regression is interpreted in a manner analogous to standard regression based on 
normally distributed data; each unit increase in the dependent variable will result in the 
regression coefficient change in the expected value of the dependent variable, holding all other 




1). Time activity patterns according to city and season. 
The distribution of percent of time spent in various activities, captured in the 
environmental surveys is shown in Figure 1 according to city and season.  Displayed is the 
amount, expressed as the percent of time spent, in each one of 14 categories of activities 
collected in diaries from subjects during the awake hours (spanning 6 AM to 12 midnight) on the 
days that personal air samples were taken. The activities included: 1). walking, roller blading or 
riding a bike, 2). riding a motorcycle, 3). riding in a car/taxi, 4). using a bus, or 5). riding a 
subway/train, 6). time in the home indoors, 7). time close to home outdoors (neighborhood), 8). 
time indoors  at school 9). time outdoors at school, 10). time indoors in other location, 11). time 
outdoors in other location, 12). time cooking, 13). smoking (by self), 14). smoking (by other; that 
is passive exposure to another individual who was smoking in the same room).  Missing entries 
were labeled ‘missing’ in the dataset. 
Most notable was the time spent in the home across cities and seasons, which ranged 
from ~35% in Los Angeles in the winter, to over 50% in Los Angeles in the fall, with 
intermediate percentages in New York. The second most common activity across cities was time 
in school, which, during the school year (fall and winter in Los Angeles and winter in New 
York), ranged from a high of approximately 35% in Los Angeles in the winter, 30% in New 
York in the winter, and 18% in Los Angeles in the fall, to, when school was not in session, 0% in 
New York during the summer.  Across cities and seasons, the amount of time spent walking, 
roller blading or biking, across cities and seasons, was approximately the same (5-7%).  Notable 
differences in time-activity data across cities was the percent of time spent on subways or trains, 
with 5-6% in New York both in the winter as well as during the summer, whereas this  type of 
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activity was not observed in Los Angeles (0%), a city that does not have a subway or train 
system.   The percent missing (that is, the percentage of time that was not captured as associated 
with any particular type of activity) seemed broadly similar across cities, ranging from 11% in 
Los Angeles in the fall to approximately 18% in New York in the summer.    
2). Particle-associated air toxics levels in micro-environments according to city and 
season. 
Stationary air toxics monitors were located in various environments to capture air toxics 
exposures relevant to the activities pursued by subjects as described previously (TEACH) and 
summarized here in the methods.  This permitted the estimation of exposure to air toxics of each 
subject in time and space during 48 hour personal air sampling.  The median levels of air toxics 
associated with each of 3 main microenvironments (home indoor, home outdoor, school-
associated), in subjects grouped by city and season, are shown in Table 1.  Some differences 
were observed across the two large cities and three seasons were observed in concentrations of 
air toxics measured in the three urban locations of air sampling in TEACH.     
Substantial spatial and temporal variability in the levels of air toxics was observed when 
comparing concentrations of air toxics from various locations of air samplers, across cities and 
within and across seasons.  PM2_5 levels appeared higher in the indoors than outdoors in both 
cities and across seasons.  For the analytes overall, winter levels appeared somewhat higher than 
summer or fall values in both cities.  Little difference was noted in levels of black carbon across 
cities, although levels appeared to be highest in both cities in the winter than in the other season 
sampled (summer in New York and fall in Los Angeles).  In comparing the levels observed 
indoors in the home, outside the home and on the school roof, school roof levels tended to be 
highest, although this depended on the analyte.   
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For comparison, Table 2 shows air toxics levels used to impute transit air toxics 
concentrations, from estimates published in various urban environments analogous to vehicles 
used in New York (cars, buses and motorcycles) or measured in study conducted separately 
focused on the subway of New York, using methodologies similar or identical to those used in 
TEACH, respectively. Measurements were conducted inside of each of the vehicles noted above 
with windows closed, or represented, in the case of the subway, integrated 5hr. station and 3 hr. 
riding airborne particle subway samples.   
Previously commented on are the high levels of metal air toxics in the New York subway 
10, which are especially evident here in comparing them to the levels detected in the 
microenvironments in, or outside the home, or at school (shown in Table 1). In the transit 
microenvironment, whatever form of transportation is used, pm 2.5 levels exceeded those 
measured in all other microenvironments.   Though levels measured in a car are only marginally 
above those detected on average in the home and school, pm 2.5 concentrations measured in a 
bus, motorcycle or a subway substantially exceed, in the case of subway, by more than three-fold 
the level measured the home and school.  Though information permitting imputation of trace 
elements was not available for other forms of transportation, trace element concentrations 
observed in the subway environment exceeded those detected in the home and school 
microenvironments by substantially for most of the elements measured, ranging from levels 
similar to those in the home and school environments (La, Se, V) to moderate increases of 2-4 
fold (Cd, Ca, Cs, Co, Pb, Mg, Ni, Na, Zn) to 10-25 fold increases (As, Sb, Be, Cu, Ag, Ti) to 
levels very substantially higher in the subway environment than in the home or school 
microenvironments (more than 100 fold higher for Cr, and Mn and 230-390 fold higher 
concentrations for Fe).   This revealed the potential influence that transit microenvironments 
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might have on New York personal air toxics measurements of trace elements, even with 
relatively brief exposure times. 
3). Correlation of percent of time in various activities and personal exposure to air toxics.   
To assess the relationship between time in various microenvironments and the 
concentrations of air toxics subjects were exposed to, reflected by measurements performed on 
personal air samples, we assessed the strength of correlation (Spearman correlation coefficients) 
of the percent of time spent in individual microenvironments with the personal exposures to 
individual air toxics. Analyses were performed using the correlate procedure in SAS.  P-values 
reported for correlation assessments for each city and season were first performed to generate 
nominal p-values and then adjusted for multiplicity in order to reduce type 2 error and reported 
as bonferroni-adjusted p-values.  Results demonstrated generally weak correlations (correlation 
coefficients of less than 0.3) across analytes for most of the cityseasons (data not shown).  There 
appeared to be a stronger relationship between personal exposure to individual air toxics and 
percent time activity for subjects in LA in the fall, than for other city-season pairs, where strong 
and statistically significant correlation coefficients were observed in 14 of the 31 analytes tested, 
based on nominal p-values. Interestingly, the coefficients indicated mostly negative correlations 
for home exposures, suggesting the possibility that personal exposures to certain air toxics in LA 
in the fall may have been driven by exposures that occurred in microenvironments not in the 
home.   For the other 17 of 31 analytes, correlation coefficients were also negative, but not 
statistically significant.  
When multiplicity was accounted for using the bonferroni method (results shown in 
Table 3A) however, for the majority, these associations did not retain statistical significance.  
Although strong and statistically significant correlations of home environmental exposures to 
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personal air toxics measurements were observed for Ca, Cs, Fe Sc and Ti (negative correlation 
coefficients ranging between -0.593 and -.680), and school roof for Ca (.588) in LA in the fall, 
the only other statistically significant associations were Cr, Fe and Mn (CCs of .512-.636) in the 
summer in New York and for Tl (CC of -.698) in the winter in New York. All other correlation 
coefficients failed to demonstrate statistical significance. 
4). Micro-environmental exposures adjusted by time-activity data: correlations with personal 
exposures to air toxics. 
The lack of strong correlation of a simple assessment of time spent in various activities 
and personal air toxics exposures may have been due to inaccuracies in recording the amount of 
time students spent in various microenvironments or may have been due to the lack of 
information most relevant to the assessment of an association: the actual air toxics concentration 
in the activity-associated microenvironments.  We hypothesized that if time activity surveys 
were sufficiently accurate to reflect the true proportion of time spent in various 
microenvironments, the true relationship might be revealed if the association included 
information about the concentration of analyte to which the subject was exposed when these 
activities were pursued.  To increase the sensitivity and relevance of showing a correlation 
between time activity and personal air toxics exposures, we calculated time-activity adjusted 
micro-environmental exposures to air toxics by calculating the proportion of 48 hour time spent, 
in each of the microenvironments associated with time activities, captured by survey.  Thus, each 
of the 15 time activities were assigned to one of the four microenvironments corresponding to 
the one measured microenvironment that would have reflected air toxics exposures during each 
of these activities, and then time-activity adjusted microenvironmental exposures were 
calculated.  Spearman correlation coefficients and associated p-values were then computed, 
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according to city and season, in order to assess the correlation of personal exposures to 
individual air toxics and the time-activity adjusted microenvironmental exposures.   
  Results (shown in Table 3B), revealed in many cases, strong correlations between 
micro-environmental concentrations of air toxics and the personal air toxic exposures (bonferroni 
adjusted p-values shown), especially for the home environment and for transit-associated 
microenvironment.  For the home microenvironment, in New York during the summer, 18 of 31 
correlations were significant.  For the winter, (when several elements were not tested) 15 of 25 
possible correlations were significant.  In Los Angeles, for the fall, after adjusting for 
multiplicity, 9 of 31 correlations were significant, whereas for the winter home environment, 11 
of 30 were significant.   
In the home microenvironment, strongest correlations (CC of greater than 0.7) were noted 
in New York in the summer for black carbon (Abs_coef), Co, PM2.5 and Tl, whereas Co, 
PM2.5, Sb, Sn, Tl and Zn showed strongest correlation coefficients in the home 
microenvironment for NY in the winter.  In contrast, in Los Angeles, strongest correlations 
(coefficients of >.7) of indoor particulate air concentrations to personal exposures, were in the 
fall: Sn, Tl and V; and for Los Angeles in the winter: Ag, S, Sb, Tl, and V.  
With regard to the home outdoor microenvironment, in New York for either season, time-
adjusted microenvironmental inputs correlated poorly with personal exposures.  In contrast, 
although few outdoor microenvironments correlated with personal exposures in LA in the winter, 
14 of 31 correlations were confirmed for outdoor inputs in Los Angeles in the fall.  This pattern 
may well have reflected the amount to time Los Angeles students spent in the outdoor 
environment on time-activity surveys, with comparatively less time spent in this 
microenvironment for New York students, coupled with the nature of the exposure, which may 
184 
 
have been more concentrated in other than outdoor environments in New York, which influenced 
the correlation coefficients in that city. 
One of the most important differences in pattern of exposure to air toxics in comparing 
New York to Los Angeles is the effect of transit inputs on predicting personal air toxics 
exposures.  For the transit inputs, time-adjusted micro-environmental exposures were 
demonstrated to strongly correlate to personal exposures for Cr, Cu, Fe, Mn in New York 
summer (CC>.7) and showed weaker (CC>.5), though still statistically significant correlations 
with Fe, Mn, and Tl in New York in the winter. For Los Angeles, where subway and train 
transportation is not available, only other forms of transit inputs could be assessed (bus, car/cab), 
and for pm2.5 alone (the only air toxic exposure that could be imputed for these activities).  In 
both the fall and winter, transit-related activities did not correlate with personal exposure 
measurements of pm2.5. 
There was little correlation of school roof concentration of air toxics and measured 
personal exposures in New York in the summer (where statistical significance was observed in 
no instance), and modest correlations (Ca, S, Sn, Ti, Tl) in NY in the winter, whereas generally 
stronger correlations were observed in Los Angeles in the winter (7/31 with most of these 
between 0.6 and over 0.7 correlation coefficients: Ag, Co, S, Sb, Se, Sn, V), and generally 
weaker correlations of school roof concentrations for LA in the fall.  The general trend appeared 
to be explained by the amount of time that school was in session during personal sampling in the 
two cities (not at all in New York during the summer, overlapping only slightly with the school 
term in Los Angeles in the fall, and fully in session during the winters in Los Angeles and New 
York).    
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It was concluded that numerically strong correlations of levels of fine particulate matter 
and its components to personal measured air toxics, occurred in some microenvironments in New 
York and Los Angeles. For some analytes, similar correlations across cities, between indoor 
particulate matter concentrations and measured personal exposures (Co, Pb, Tl and V), were 
observed, but in others, notable differences (black carbon, PM2.5 and Zn) were noted.  In 
general, there appeared to be a much stronger and broader correlation of indoor air toxics levels 
to personal exposures, in New York vs. Los Angeles, and strong signals of exposure to the transit 
microenvironment, which appeared to be strongly associated with personal exposure 
measurements to metals.  Moreover, there were substantial differences between micro-
environmental-personal exposures correlates across cities, and of less, though still important 
degree, between seasons, reflecting the considerable temporal and spatial variability in these 
inner cities environments likely driven by a combined effect of differences in microenvironment 
and pattern of time-activity in these two cities across seasons.  
5). Modeling of micro-environmental air toxics time-activity-concentrations and measured 
personal exposures. 
Although the analysis of correlation of micro-environmental concentrations of air toxics 
to measures personal exposures is valuable in potentially localizing the source of these exposures 
in time and space, this correlation does not permit quantification of the effect of these 
relationships in predicting personal air toxics exposures.  If quantifying the predicted air toxic 
exposure in the inner city could be achieved, repeated, longitudinal estimates of exposure of 
populations in these settings without the need for direct personal monitoring might be facilitated. 
This could reduce substantially the cost, time and inconvenience of conducting direct personal 
air sampling.   
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It was hypothesized that personal exposures to air toxics in an environment, like that of 
the inner city, with substantial temporal and spatial variability of air toxics exposures, could be 
accomplished by modeling personal exposures to these pollutants using time-activity data and 
micro-environmental air toxics concentrations inputs.  Various regression methods were used to 
model the dependent variable, that is, measured personal exposures, to individual air toxics 
focused on time-activity-adjusted micro-environmental air toxics concentrations. 
Parametric modeling 
We took into consideration how outcome data were distributed.  Raw data for personal exposures 
to black carbon were normally distributed and were therefore analyzed directly using parametric 
regression methods. The primary analysis of other exposures was performed using 
logarithmically transformed data, which normalized the distribution of data, and allowed use of 
parametric modeling based on the transformed dataset.  Because of temporal and spatial 
variability, analyses were performed according to city and season. 
Prior to initiating this analysis, to assess the minimal inputs required to predict personal 
exposures, we first performed step-wise regression using micro-environmental inputs for each 
city and season pair and then used the time-activity distributions as predictors of personal 
exposures, to understand the ability of each of these two inputs separately, to predict personal 
exposures.  Then, we modeled time-activity adjusted micro-environmental exposures of personal 
air toxics exposures in building the most robust and predictive models. 
Table 4 summarizes coefficients of determination (R2) from step-wise regression 
modeling of personal air toxics exposures according to the four micro-environmental air toxics 
concentrations or according to the percent of time spent in the four microenvironments, adjusted 
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for other microenvironments, to assess the ability of these inputs alone in predicting personal 
exposures.  
We modeled the outcome variable y (personal exposure concentrations) and computed 
parameter estimates for microenvironmental air toxics concentrations of the analyte (indoor, 
outdoor, school roof and transit microenvironments) or, separately, modeled personal exposure 
as a function of  time-activity percent time inputs in each of those microenvironments, displaying 
partial (variable-related) and model (accounting for all predictive variables) R2 for those models 
with predictors using stepwise regression procedures (proc reg; option: stepwise) in SAS, as 
described in the methods.   
Results for New York, in Tables 4A and 4B, display the partial and model R2 values for 
microenvironmental (left column) and time-activity percent (right column) predictors.  In the 
majority of cases, it is evident that microenvironmental levels of air toxics for each individual 
predict personal exposure to analytes better (higher R2) than percent of time activity predicts the 
outcome of personal exposure to the corresponding air toxic. This was the case for all analytes 
except Ag, Cu and Mn, where percent of time indoors and in transit better predicted personal 
exposures to air toxics than microenvironmental air toxics levels.  Also of note is that the 
variable that best predicted personal air toxics exposure to individual analytes (highest partial R2) 
was in most cases the indoor microenvironment. This was true for New York summer for all the 
analytes with the exception of Na and Ni which were best predicted by outdoor 
microenvironmental levels, for Cu, best predicted by indoor time-activity, and for Cr, Fe, Mn 
which were better predicted by transit time-activity inputs. It should be noted that transit 
microenvironmental trace element concentrations were imputed by single values and therefore 
regression could not be tested for the microenvironmental inputs in the absence of time-activity 
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inputs.  Thus time-activity in transit, was the single significant predictor for those trace elements 
that were associated with the transit microenvironment.   
In contrast, for Los Angeles (Tables 4C and 4D), the inputs that appeared to best predict 
personal air toxics exposure in the summer were more evenly divided between those associated 
with indoor and outdoor microenvironmental air toxics concentrations.  Exceptions to this 
included Na, best predicted by school related microenvironmental concentrations, and Ca, best 
predicted by time-activity indoors.  In contrast to the pattern observed in New York, in the 
winter, the variables that better predicted personal exposures were divided amongst indoor, 
outdoor and school-related inputs.   
 We concluded that models of personal exposures using microenvironmental inputs alone 
(concentrations of air toxics in the microenvironment) provided R2 values that were nearly in all 
cases higher than those produced using percent of time-activity alone. Nevertheless, for many of 
the analytes, the R2 values were less than 0.50 for 16 of the 31 analytes in NY Summer, 15 of 26 
in NY Winter, 16 of 31 in LA Fall, and 21 of 31 in LA in the winter. This suggested that 
additional information would be required for the models to provide more robust estimates of 
personal exposures. Though the data suggested that microenvironmental concentrations of air 
toxics better predicted personal exposures, in some cases, time spent in certain 
microenvironments better predicted these exposures.   
It was reasoned that combining information from time-activity with concentrations of air 
toxics associated with specific microenvironments would better predict personal exposures of 
student in the complex environment of the inner city.  We therefore generated time-activity 
weighted microenvironmental variables (the product of the proportion of time spent in each of 
the microenvironments by the concentrations of analytes found in those microenvironments) and 
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used these new variables in step-wise regression models using the same regression criteria used 
previously: entry (p<0.25) and stay (p<0.15), model p-value of <0.05.   
Results of modeling personal exposures to air toxics using time-activity adjusted 
microenvironmental concentrations of air toxics are shown in Tables 5A-5D.  For many of the 
measured personal analyte concentrations, model R2s are substantially higher than the model R2s 
generated by microenvironmental concentrations alone, or when time-activity percent alone was 
used to model outcome.  This confirmed the additional value of time adjusting the 
microenvironmental concentrations of air toxics to enhance ability to predict personal air toxics 
measurements.  In comparing city and season pairs, regression using time-activity adjusted 
microenvironmental inputs produced numerically higher R2s than microenvironmental inputs 
alone in NY Winter (for 14 vs. 11 of the analytes), NY Summer (17 vs. 8), and LA Winter (12 
vs. 7). Only in the case of Los Angeles in the fall did time adjusted microenvironmental inputs 
yield a similar number of higher R2 values for individual personal exposures than the number 
produced using microenvironmental inputs alone (13 vs. 14 of the analytes, respectively).   Of 
note, in very few cases did time-activity inputs alone best predict personal air toxic 
concentrations based on model R2s.  This occurred in both the fall and winter in Los Angeles for 
Ca and in the winter in Los Angeles for Pt.  In those cases where microenvironmental 
concentrations of individual air toxics analytes better predicted measured personal exposures 
(best R2) than time-activity adjusted inputs, there was no obvious pattern of season or of analyte 
that would suggest a mechanism for this result.  
With respect to the microenvironment that contributed most to personal measured air 
toxics concentrations, for the majority, indoor micro-environmental concentrations of individual 
particle-associated components best predicted the log values of personal exposures.  In the 
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summer in New York, in 25 of 31 cases, the log personal exposure analytes was predicted by 
time-activity adjusted indoor micro-environmental concentrations.  For 6 analytes, (Ag, As, Cd, 
Cr, Fe, Mn),  transit time-adjusted micro-environmental exposures best predicted personal 
exposures, confirmed by the strong partial R2 values observed especially for Cr, Fe and Mn.  
This pattern was also observed in the winter in New York for Fe and Mn, but could not be 
confirmed for Cr (not measured during that city and season). 
In contrast, for Los Angeles in the fall (Table 5C) only in 8 cases of 24 was indoor 
microenvironment the dominant predictor of respective personal exposures.  In the winter (Table 
5D), the pattern of micro-environmental exposures predicting personal air toxics exposure was 
similar to that observed in Los Angeles in the fall.  This may have been due to the greater 
proportion of time not spent in the home environment in Los Angeles compared to New York, 
especially in the winter, or differences between cities in the principal source of analytes across 
microenvironments.  It appeared that a greater number of analytes in Los Angeles than in New 
York were predicted by time-activity adjusted microenvironmental levels associated with the 





Skewed raw data, evidenced by high variance and confirmed by Shapiro-Wilk tests, were 
also analyzed using non-parametric methodologies.  Since central tendency is best represented in 
these skewed distributions by their median rather than mean values, quantile regression 
techniques were applied to assess the analytes whose frequency distributions were non-normal 
(all but black carbon), in experimental SAS procedures (proc quant select and proc reg), 
according to published SAS methodology,17,18 using lasso technique adapted to stop parameter 
selection based on AIC (Akaike information criteria19), analyzed for the 0.5 quantile. We report 
results displaying parameter estimates, and model adjusted R1 values (representing the 
proportion of variability in the dependent variable explained by the independent variables, to be 
interpreted analogous to the R2 statistic in linear regression).    
Results summarized in Tables 6A-D show that the predictors of personal exposures to 
various components of air toxics across cities and seasons appeared to be similar to what was 
observed based on log transformed outcome measures, though the proportion of variability in the 
outcome measure (personal exposure) explained by predictors (comparing regression R2 to 
median regression generated adjusted R1s) appeared generally to be less for median regression.  
In Tables 6A-6D, adjusted R1 based on median regression analysis were approximately one half 
of corresponding values for R2 obtained from modeling of log transformed personal analytes 
using linear regression.  Nevertheless, adjusted R1 values were very high for some analytes 
(adjusted R1 0.627 and 0.601 in NY summer, for S and Sn), and similar to corresponding R2 
values generated by regression analysis for these same elements (0.622 and 0.719), using 
respective log transformed values.  Importantly, as was the case for the results of linear 
regression, though indoor micro-environmental exposures again tended to be strongest predictors 
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of personal exposures to many particle-associated air toxics, substantial contribution of other 
inputs were noted, including the outdoor, school roof and transit microenvironments to many 
personal air toxics measurements, resulting in model adjusted R1s that substantially exceeded the 
values of adjusted R1s of individual predictors.  
In New York, indoor micro-environmental air toxics concentrations appeared to be the 
dominant predictors of personal air toxics exposures for the majority of analytes, whereas for the 
trace elements, Cr, Fe and Mn, transit microenvironment was again the principal predictor of 
personal exposures.  The strongest predictor of personal air toxics exposures was the indoor 
microenvironment for Sn (0.5998) and for pm2.5 (0.5718) in New York in the summer, and the 
indoor microenvironment for Zn (0.667) and Sb (0.8281) in New York during the winter. 
School-related micro-environmental air toxics in New York in the winter appeared to predict Ca, 
Co, Cs, La, Mg, Ni, Pb, PM2.5, Sn, Ti, Tl, V and Zn, though less prominently than other 
microenvironments.  
Similar to what was observed in New York, in Los Angeles, median regression modeling 
confirmed the pattern seen with regression modeling using log transformed data, in 
demonstrating weaker linkage of personal exposures to indoor time-activity weighted micro-
environmental air toxics concentrations and little association with corresponding transit 
microenvironments. Strongest predictors of personal air toxics exposures in Los Angeles were 
observed for the indoor microenvironment for V in the winter (0.6410), whereas for Los Angeles 
in the fall, the strongest predictors were indoor micro-environmental exposures for Mo (0.377) 
and Tl (0.4363). School-related microenvironment exposures appeared to contribute to personal 
measured exposures of a broad array of elements, including: Ag, Al, As, Be, Ca, Cd, Co, Cr, Cs, 
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Fe, K, La, Mg, Mn, Mo, Na, Pb, Sb, Sc, Se, Sn, Ti, Tl, V, and Zn, though clearly school 
contributions were often quantitatively less important than other inputs. 
The use of median regression analysis provided evidence that using this measure of 
central tendency was more predictive of personal exposures than that based on the distribution 
centered on means of raw data, providing further evidence of importance of data transformation 
in fitting models using linear regression. The best fit in general was observed using parametric 
approaches based on log transformed data for all of the elements, with the exception of black 
carbon, an analyte that displayed normal distribution when raw values were assessed, for which 
regression using raw data provided fitted models.  Optimization of the predictive power of the 
models was conferred by the examination of parameter estimates on stepwise regression of log 
transformed data from both cities and seasons. 
Cross validation of modeling results 
 Methods 
In order to assess the external validity of the models generated on linear regression 
analysis described above, without requiring an independent dataset of analogous air toxics data 
and time-activity relationships to validate the models generated herein, we pursued methods to 
validate regression modeling by employing two separate methods:  1). repeated random sub-
sampling validation and 2). k-fold cross validation. In the former, the dataset is split into training 
and validation datasets. For each split, models are fit to the training dataset and predictive 
accuracy is determined by comparing to the validation dataset.  The procedure is available in the 
GLM procedure in SAS 9.3 20.  This method requires the selection of the split of the data into 
validation dataset (given the sample sizes involved, 0.5 was chosen, that is, 50% of the data was 
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used), with the remainder of the sample used for testing and training datasets. Random subsets of 
the data are generated by SAS and stepwise analysis performed repeatedly of the random 
subsamples.  Default in SAS is set to 5 fold (previously determined by statisticians Hastie, 
Tibshirani and Friedman, 2009 to be optimal for this purpose 25), in order to balance precision 
while avoiding over-fitting the model, which would reduce validity.  Average results are 
reported.  The progress of average square error (ASE) is displayed in GLM.  Validation is 
confirmed for the set of predictors that contributes to maximally reducing ASE, in a way that is 
analogous to stepwise regression, whereby SAS provides in a final display which parameters are 
selected to maximize the reduction in ASE based on the average results of repetitive tests of 
randomly chosen subsamples.  If this set of predictors is identical to those chosen on initial 
fitting of the model, the results of cross validation are deemed to have validated the fitted model. 
In a second method, k-fold cross validation was employed.  In this procedure, also 
available in the GLM procedure in SAS 9.3 21, the original sample for each city and season, is 
randomly partitioned into k equal size subsamples.  Of the k subsamples generated, a single 
subsample is used as the validation dataset for testing the model and the remaining k-1 
subsamples are used for the training dataset.  The cross-validation is then performed k times 
(folds) with each of the k subsamples used exactly once as the validation data.  Typically this 
procedure is performed for large datasets using a k of 10, though k is an unfixed parameter, and a 
k of 5 is often used. Given the size of the samples in TEACH (on the order of 25-40 individuals), 
cross-validation was performed using k of 5 (generating non-overlapping and random 
subsamples of 5-8 observations) and in some cases reassessed, as a sensitivity analysis, using k 
of 10 (which would be based on randomly generated non-overlapping subsamples of between 2 
and 4 observations).   The final model is chosen in Proc GLM in SAS based on inputs provided 
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for k, p-value to be selected for entry (set at .25), p-value for staying in the to-be-fit model (0.15) 
and the criteria for final cross-validation, based on the progressive addition of predictors that 
must meet the program ‘choose’ criteria in order to be validated. The process is repeated k times 
and the average is computed. In this specific aim, CVPRESS was the ‘choose’ criterion.  CV 
PRESS is the cross validation predicted residual sum of squares. The predictors yielding the 
smallest CVPRESS score is selected by SAS and displayed as the final model chosen based on 
cross-validation.  
Though the generation of small subsamples might be considered a disadvantage over the 
repeated subsampling approach described in the first method for cross-validation above, an 
advantage of this method over the repeated subsampling, is that all observations are used for both 
training and validation, and each observation is used for validation exactly once. Both results of 
this method and random sub-sample cross validation were reported with the results of model 
fitting (predictors, parameter estimates and p-values), summarized in Table 5. 
Testing for validation was performed to assess the external validity of linear regression 
models using time-activity adjusted microenvironmental predictors, described above, which, 
among the modeling approaches taken, generally produced the highest values for partial and 
model R2.  Confirmation of selection of parameters by cross validation increases the likelihood 
that a model would continue to exhibit reliable estimation of modeled outcomes when applied to 





Results of cross-validation are shown as separate columns for the two methods of cross-
validation in Tables 5A-D.  The majority of variables were validated (marked by x), and in cases 
of validation, both methods of cross validation were in agreement.  In a few cases, the K-fold 
method validated regression chosen variables, while repeated random subsampling did not, and 
vice versa.  There were more instances of rejecting validation by random subsampling then k-
fold cross-validation. This may have been due to the complete use of all data by k-fold 
methodology, compared to the larger subsampling approach, which because it is random in 
nature, may have, by chance, not included data that ultimately would have validated the 
regression results.  The models that failed to validate when assessed by both methods were all in 
the winter in Los Angeles: Be, Pb, Pt and Ti.  
Indoor outdoor relationships and implications for modeling 
Linear and quantile regression approaches indicated that in many cases, personal 
exposures were most strongly predicted by time-activity adjusted indoor microenvironmental 
exposures to air toxics, which in most cases were validated using cross-validation methods.  
Examination of the pattern across cities and seasons indicated that in New York in the summer, 
time-adjusted indoor microenvironment alone was a predictor of most components of personal 
air toxics exposures, and was the sole predictor for 8 analytes (Ni, Pt, S. Sn, Ti, Tl, Zn and La; 
only the latter non-significant). Indoor was not a predictor for 5 analytes: Cr (predicted by transit 
alone) and Mg, Na and Pb, where no predictors were significant. Mo was not measured and 
could not be tested.  A similar pattern of prediction was apparent for New York in the winter.  In 
both seasons for New York, when a predictor other than indoor was significant, transit was 
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linked in 7 cases and outdoor was linked in 5.  When two other predictors were involved, the 
inputs were both outdoor and transit.   
The pattern of significant predictors in Los Angeles in the fall was somewhat similar in 
that, for the majority of analytes (28 of 31 tested), the indoor time-activity adjusted 
microenvironmental input was a significant predictor, while only 3 analytes (Ca, Cu and S), all 
linked with outdoor inputs, were not linked to the indoor microenvironment. In contrast, in the 
winter in Los Angeles, only 14 of 30 analytes were linked to indoor inputs, five with outdoor 
alone (Al, Be, Pt, Sc and Ti), three with school inputs alone (Na, La and Tl), one with school and 
outdoor (Fe), while 7 were not predicted by any microenvironment (Ab, Ca, Cr, Mg, Mn, Ni and 
Zn).   
The dominance of the indoor microenvironment in predicting personal exposures across 
cities and seasons, might be explained by the proportion of time spent in the indoor environment, 
but an element of interaction with other environments, especially the outdoor environment, could 
potentially obscure the importance of the outdoor microenvironment (the next most important 
with respect to proportionate time activity) in regression analyses. Therefore, the correlation 
between microenvironmental concentrations was assessed to better understand the relationships 
between microenvironments which might interact in models to calculate parameter estimates and 
coefficients of determination.    
Table 7 shows the correlation matrix for microenvironments. Displayed are the 
correlation coefficients and associated bonferroni-corrected, p-values for correlations amongst 
outdoor, indoor, school and background inputs.    For the relationship between indoor and 
outdoor microenvironmental air toxics concentrations, a high degree of correlation (CC > or = to 
.70) was demonstrated in New York for 9 of 30 analytes in the summer (Abs, As, Co, As, S, Sb, 
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Se, V, Zn), while only 5 were highly correlated in the winter (Abs, Cd, Co, Ni, V).  In contrast a 
larger proportion of analytes were highly correlated in Los Angeles in the fall (21 of 31) and 
winter (11 of 30), respectively.  Interestingly, of all analytes tested, only background S was 
highly correlated with the indoor microenvironment in New York (for both summer and winter). 
For Los Angeles, indoor to background correlates were high for only 5 analytes in the winter. 
Background microenvironmental air toxics concentrations were not available for assessment in 
Los Angeles in the fall.  We concluded that a modest proportion of indoor microenvironmental 
analytes correlated with outdoor concentrations in New York in the summer, while a broader 
number of indoor analyte concentrations were highly correlated with outdoor concentrations in 
Los Angeles. In general, with only a few exceptions, background (upwind) levels of air toxics 
correlated poorly with indoor microenvironment in New York or Los Angeles. 
In order to assess the influence of indoor inputs on coefficients of determination of 
outdoor time-adjusted microenvironmental predictors of personal exposures, stepwise regression 
was performed for all analytes including, and leaving out indoor microenvironmental inputs to 
assess effects on outdoor partial and model R2 in the presence, or absence of indoor inputs.  The 
results are displayed in Table 8.  Notable is that for the vast majority of analytes, model R2s 
were lower in the absence of indoor inputs, even if partial outdoor R2 values increased. For New 
York in the summer, in only one case, Mg, did the model R2 improve in the absence of indoor 
inputs, whereas for the winter, for no analyte did model prediction improve.  In comparison, in 
Los Angeles, model R2 values increased after leaving out indoor inputs in only two cases, and 
only modestly, for Be (.2221 to .3523) and Ca (.2959 to .3112).  For Los Angeles no R2 value 
increased when leaving out indoor inputs. 
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To formally test for the possibility that indoor and outdoor microenvironments interacted 
because they affected parameter estimates in a similar way, leading to imprecision of estimates 
of prediction produced in regression models, formal testing for collinearity was performed using 
the regression procedure in SAS.  Results indicated no evidence of collinearity among the vast 
majority of predictors assessed by variance inflation factors (most values less than 2; greater than 
10 would suggest collinearity), tolerance (most values less than 0.1; tolerance of greater than 1 
would indicate potential collinearity), or conditional indices (results less than 10; greater than 30 
would suggest potential for collinearity).    Only in New York in the summer (Be and Mg), was 
there any evidence of potential collinearity, evidenced by high condition index, suggesting a 
collinear relationship between time-adjusted microenvironmental inputs for transit and school 
roof.  When modeling of both analytes was conducted by leaving out one or both of these 
predictors, a model could not be fit, consistent with the original stepwise regression results.  
Finally, because indoor microenvironmental levels correlated to outdoor measurements 
for a number of analytes across cities and seasons, the possibility existed that using outdoor 
microenvironmental measurements alone, models could be fit that would predictably estimate 
personal exposures, obviating the need for more resource intense monitoring of the indoor 
environment.  To test this possibility, new variables were generated and used to fit models where 
indoor microenvironmental concentrations were replaced by outdoor measurements in generating 
time-activity adjusted indoor microenvironmental inputs.  Stepwise regression was then 
conducted according to the methods previously employed in modeling personal exposures.   
Results, displayed in Table 9 show that for the majority of analytes, indoor partial R2s 
and model R2s decrease when indoor microenvironmental concentrations are imputed by the 
corresponding outdoor microenvironmental concentrations, adjusted by time indoors, for each 
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subject.  This suggests that indoor inputs are critical to maintain predictive power of the model.  
In contrast, in those cases where model R2 increased, the associated analytes could potentially 
be sampled in that city and season using outdoor activity-adjusted measurements alone (outdoor, 
and in some cases, in addition, transit and school roof) without the need for monitoring of the 
indoor (home) environment.  Monitoring of the outdoor microenvironment alone in these cases 
would predict personal air toxics exposures to a similar or greater degree than when 
incorporating measured indoor concentrations.  In New York in the summer, indoor air 
monitoring information would add little or in some cases decrease model R2s in modeling 
personal exposures to Cr, Fe, Mn and Ag, where transit inputs provide the strongest ability to 
predict, so, similarly, was the case of Na (predicted best using outdoor inputs alone). In New 
York in the winter, outdoor monitoring alone would be either be better than, or sufficient to 
nearly replicate predictor R2s (within range of +/- 0.05) of models incorporating indoor 
concentrations for black carbon, Sb, Cu, Ni, Na and S.  In Los Angeles in the fall, the personal 
exposures that could be modeled using outdoor concentrations alone include Sb, As, Cd, Ca, Cu, 
PM2.5, Mo, Se, whereas in the winter, Be, Co, La, Pb, Pt, Sc, Na, S, Ti and V could be modeled 
without need of indoor measurements to predict personal air toxics exposures.  
Differences among analytes with respect to the ability to predict personal exposures 
based either on indoor air toxics measurements, or outdoor air toxics concentrations without need 
for indoor concentration information, may reflect the nature of the specific analyte, its ability to 
permeate housing typical of the two different cities studied, or reflect the degree of contact with 
air outside the home in climates and seasons where ventilation is enhanced, leading to more 
similarity of indoor and outdoor home environments with respect to air toxics concentrations.  
For three analytes, Sb, S and Na, outdoor measurements coupled with time-activity information 
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was sufficient to model personal exposures across all cities and seasons. This potentially reflects 
the nature of particulate matter containing these elements characterized by easier diffusion from 
the outdoor to the indoor home environment, or the possibility that these toxics are generated 







Temporal and spatial variability of air toxics is high in urban environments with complicated 
emissions in time and space of air pollution related to industry, and energy production, the 
presence of a diverse, three dimensional topography characterized by urban canyons, enclosed 
microenvironments defined by home, school, or work, and a range of modes of transportation.  
These micro-environments make assessment of personal exposure to air toxics in the inner city a 
challenging endeavor that in the past has largely been addressed with personal air sampling 
devices, carried by study subjects for variable periods of time, to directly measure air toxics 
exposures, while subjects pursued activities of daily living at home, transiting through the city or 
at school, or work. 
We analyzed a unique database generated by personal air sampling involving inner city 
high school students in New York and Los Angeles to attempt to predict personal measurements 
of air toxics exposure based on knowledge of micro-environmental air toxics concentrations and 
location of students in time and space. Students provided information capturing daily activities in 
the form of a time-activity logs, that could be exploited to assess the relationship between air 
toxics exposures in various microenvironments to which students were exposed at home, school 
and in transit, over the course of the 48 hour sampling period in order to assess the relationship 
of personal, measured air toxics exposures and exposures that could be modeled using air toxics 
data linked to various inner city microenvironments.   
Analysis using regression techniques, which accounted for the frequency distribution of 
data from air sampling, coupled with information from surveys, allowed for the modeling of 
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exposure to air toxics associated with activities of living in the inner city.  Results indicated that 
inputs could be used to model personal exposures to air toxics often with a high degree of 
predictive power, reflected by model R2 values in many cases substantially exceeding 0.5.  This 
predictive power indicated that micro-environmental exposures, coupled with information 
regarding location in time and space of study subjects during the conduct of air sampling, were 
key predictors contributing to the measured air toxics levels to which these high school students 
were exposed.  For some analytes an even higher degree of predictive power, reflected by high 
partial R2 values, was demonstrated.  Examples of this included those exposures connected to 
specific microenvironments (Fe and Mb in New York associated with subway micro-
environmental exposures, Pb home indoors in Los Angeles), whereas in others, (Co in New York 
during the summer, V in Los Angeles in the fall), high model R2 was the result of summed 
contributions across various microenvironments without a single, dominant source.  
Models were in some cases incompletely predictive of personal exposures to air toxics in 
this study.  The residual variability might have been, in part, explained by error, including 
imprecise information regarding location of students during personal sampling, inaccurate 
measurement of micro-environmental concentrations of air toxics, or of personal air sampling 
itself.  Another possibility is that the relationship between an environmental exposure, largely 
obtained from stationary monitors, and the measured personal air toxic was complicated by how 
concentrations of air toxics to which students are exposed may vary over time as they move 
through various microenvironments, not captured by stationary microenvironmental monitoring. 
Micro-environmental measurements may have been influenced by conditions occurring during 
air sampling for outside environments, which if not precisely coinciding in time and space with 
personal air sampling, may have contributed to some imprecision that affected R2.   
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It is possible that this was the reason that indoor micro-environmental levels of air toxics 
were most strongly associated with measured personal exposures.  In the confined indoor space 
of a home, the estimation of exposure may have been most precise.  Another reason that home 
indoor was most predictive of personal exposures may also have been due to the amount of time 
study subjects spent at home, indoors, making the estimation of exposure to this 
microenvironment most precise.  Interestingly though there was a high degree of correlation of 
indoor outdoor measured microenvironmental concentrations of air toxics, there was little 
evidence of collinearity influencing model parameter estimates, and the value of incorporating 
indoor microenvironmental inputs in modeling was confirmed for the majority of analytes by the 
worsening of model R2s if indoor was not included in the models, or if outdoor 
microenvironmental concentrations were used to impute indoor values.  In cases where model 
R2s improved on substituting indoor with outdoor inputs, the elimination of indoor air toxics 
measurements would be possible,  potential simplifying air toxics measurements in field studies.   
In the case of other more confined microenvironments, such as riding on a bus, subway 
or car, it should also be noted that the estimation of exposure to air toxics in the transit 
environment was based on imputed values for various forms of public transportation, from 
values obtained in different cities (bus, motorcycle, car) or at different times (this the case of the 
New York subway air toxics sampling) that did not coincide with personal air sampling 
performed in the main TEACH study.  These imputations, though thought to provide reasonable 
estimates of exposures, and resulted in the very high R2 values, may nevertheless have led to 
some imprecision of the estimates of micro-environmental exposures for the transit micro-
environment, and also to overall modeled exposure estimates.  On the other hand, given the high 
levels of air toxics in the subways with a metal signature, the results demonstrate the association 
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of even modest exposure time to the transit microenvironment, validated here and in agreement 
with a previous publication focused on a subset of metals in the New York subway system. 
In contrast, we did not show a particular risk of transit microenvironment to explain 
exposure to air toxics for students in Los Angeles. In great part this may have been due to the 
lack of information for Los Angeles transit microenvironment with respect to the spectrum of 
particle-associated elements examined here. Imputation could be pursued for bus, and car 
transportation (the principal forms of transit in Los Angeles) only for pm2.5.  Since pm2.5 can 
be encountered in many different microenvironments, it is not surprising that the limited amount 
of time in the transit microenvironment in Los Angeles did not yield a signal related to pm 2.5 
exposure.  Although risk to transit environments typical of cities, like Los Angeles, which does 
not have a subway system, would need to be assessed with more information regarding air toxics 
concentrations in modes of transportation used in Los Angeles, the results overall underscore the 
potential risk of exposure to the transit microenvironment of inner city urban youth. 
Most air pollution studies conducted up until the 1980s focused on the intensity and 
distribution of particulate exposures to respirable particulate matter (PM10 and PM2.5) and 
other, mostly gaseous, criteria air pollutants over large geographic areas. Hence, the use of large 
air mass samplers at considerable distance from residential areas was prevalent and the basis 
upon which governmental authorities judged evolution of air pollution in countries like the 
Unites States.  Monitoring of the outdoor and indoor environments to determine exposure risk to 
air particulates, beginning in the late 1980s, has been a subject of considerable interest only since 
the late 1990s.  Some groups have endeavored to study the urban environment of various cities 
via the use of air toxics monitoring data obtained from specific inner city neighborhoods.  
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Initial approaches to the collection of indoor outdoor and personal monitoring began with 
the work in 1990 by the PTEAM (Particle total exposure Assessment Methodology) study in 
199021.  Methodologies were tested to facilitate measuring of personal and microenvironmental 
PM10 and PM2.5 based on a sample of 178 persons and homes in Riverside California (a city of 
approximately 300,000 residents).  This was soon followed by a study describing the 
distributions of aerosol and elemental concentrations in personal, indoor and outdoor air 
samples22 and the characterization of source of indoor particulates which appeared to be most 
associated with cooking and smoking activities.  Interestingly, indoor concentrations of 
particulates only weakly correlated with outdoor concentrations, in this study, with a substantial 
proportion of indoor particulate concentrations of unknown origin23. 
Follow-on studies by the same research team studied particulate matter in a more 
urbanized and confined environment of a larger city (Boston) which focused on assessing 
concentrations of particulates in six indoor environments and two transportation environments 
(bus and train), to determine the levels of exposure to particulate matter and combustion 
pollutants, in the form of particle-bound polycyclic aromatic hydrocarbons.  The study revealed 
generally weak association of indoor levels of pollutants with outdoor levels, although there were 
stronger relationships in residences without mechanical ventilation than in air-conditioned 
buildings24.  To assess the influence of vehicle emissions on these environmental exposures an 
additional study was conducted in Roxbury, Massachusetts24 focused on the roadside 
environment using similar methodologies.  Results showed high concentrations of diesel vehicles 
was associated with high roadside concentrations of PAHs, but had little relationship to PM2.5.  
The application of similar methodologies was extended to understanding particulate 
concentrations in homes of inner city children with asthma26, in a study of 7 metropolitan areas 
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(New York, Boston, Chicago, Dallas, Seattle and Tucson). Household activity assessments were 
performed in this study, which allowed an estimation of the source of indoor particulate matter, 
demonstrating important influences of smoking, cooking, use of incense and household cleaning.  
No personal air toxics monitoring or assessment of particulate matter components were 
performed.   
Additional similar assessments were performed in Seattle27 assessing exposures in 
susceptible elderly residents with COPD and asthmatic children, in a panel study sponsored by 
EPA, focused on PM 2.5 exposures indoors, outdoors and obtained using personal air monitoring 
devices.  The study revealed associations between the levels of particulate matter of the elderly 
population to be attributed to running errands outdoors, cooking and yard activities, whereas 
asthmatic children appeared to be influenced most by time spent away from home, exemplified 
by time at school and on a bus or shuttle.  Of note was the observation that healthy elderly 
subjects were found to be exposed to lower levels of particulate matter than asthmatic children.  
Other important studies provided similar information concerning ambient levels, association with 
microenvironments, and /or assessment of sources of particulate exposures in other urban centers 
in Mexico28, Texas, California, New Jersey29, New York30and Windsor, Canada31.  
In addition, at least two studies have attempted to understand the activity patterns of 
subjects living in urban environments. One, based on TEACH32, focused on indoor home, indoor 
school and outdoor environments to characterize the association between demographic and 
temporal predictors and students’ time-location behavior for these three microenvironments. The 
other was conducted in Europe to assess indoor time-activity-microenvironment-activity patterns 
of adults in cities from 7 regions in Europe and self-reported exposure to tobacco smoke33.  Both 
studies provided evidence of the feasibility of tracking time-location with diary information 
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completed by subjects in these studies, as well as the complexity of time-location patterns in the 
inner city. Neither linked time-activity to measured exposures to air toxics.  
Most air toxics studies conducted in inner city environments have focused on particulate 
exposures without specific measurement of the spectrum of air toxics (elements or chemicals) 
that are carried by fine particulates, and without incorporation of detailed information about the 
activities pursued by study subjects, bringing them in proximity with a spectrum of 
microenvironments of variable particulate concentrations and associated elemental air toxics 
components, during air sampling.  The TEACH study database provided therefore a unique 
opportunity to understand the relationship between personal particulate exposures and 
microenvironments in the complex inner city environments of New York and Los Angeles.  
Based on the detailed time-activity assessment performed in TEACH and linkage in time of 
personal, to home indoor, outdoor, school and background air toxics measurements of particulate 
matter, black carbon (measured by reflectance) and a suite of up to 29 elements, we were able to 
model personal exposures to air toxics in the complex environments of the inner city in 
susceptible youth.  Thus, this is the first study to incorporate detailed time-activity information 
with microenvironmental inputs to provided validated estimates of personal exposures to PM2.5 
and particle-associated trace elements.  This provides insight into the relationship between 
exposures to specific microenvironments and the levels of measured air toxics, PM 2.5 and 
components, confirming exposure risk of youth in the inner city environment, linking these to 
time-location-activity inputs, and facilitating the modeling of personal measured air toxics 
exposures based on time-activity adjusted microenvironmental data across cities with different 
geographies, climates, and different built structures. 
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In summary, this study assesses the activities of inner city high school students and their 
personal exposure to air toxics, which were modeled based on inputs from concentrations of 
pollutants in microenvironments in, and through which, these urban youth live, work, study and 
transit.  For most of the analytes, microenvironmental exposures alone provided reasonable 
estimates of personal exposures, but the estimates were generally more precise and the 
coefficients of determination (R2 and adjusted R1) higher, when time-activity survey 
information was included in modeling, increasing substantially the explanatory power and 
precision of the parameter estimates.  The results demonstrate that modeling of personal air 
toxics exposures using regression techniques is feasible, and provides validated estimates of 
personal exposures to a variety of particle-associated air toxics. The methods used, and 
parameter estimates provided in this study, can potentially be used in other urban environments 
to assess exposure risk to inner city youth, based on knowledge of microenvironmental air toxics 






Inner city high school students are exposed to a variety of urban microenvironments 
during the course of a typical day, and their exposures to air toxics found in these 
microenvironments is a function of the concentration of air toxics in various micro-environments 
as well as the time spent in each microenvironment in which they live, work, study and travel 
during the course of a day. Direct measurement of personal exposures to air toxics exposures is 
considered the gold standard method for establishing exposures to air pollution in many 
environments, and this approach is particularly useful for the assessment of environments which 
exhibit a high degree of temporal and spatial variability such as that of the inner city. The 
approach of personal air sampling is, however, time consuming, inconvenient and resource 
intensive.  In addition, the ability to collect information from large numbers of subjects is 
limited, substantially reducing the ability to obtain information that could help estimate 
exposures of broader segments of the population. 
 Our results demonstrated the feasibility and precision of estimating air toxics exposures 
of high school students in the inner city using various regression modeling approaches based on 
information provided from time-activity logs and measurement of micro-environmental air 
toxics.  Though on their own, micro-environmental measures of exposure provided generally 
good estimates of personal exposures directly measured by back-pack air monitors, predictive 
power (explained variance) was even greater when time-activity information was coupled to 
micro-environmental air toxics measurements.  The extra effort and cost of this type of 
information should be weighed when determining whether this information should be obtained in 
modeling personal exposures to air toxics in other studies of inner city residents.   
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The high predictive power of time-activity weighted micro-environmental data in 
modeling personal exposures to a broad panel of air toxics suggests that this approach would be 
valuable in application to various populations which live, work and transit through urban 
microenvironments, to assess the evolution of air quality, and to ultimately help quantitate the 
public health impacts of exposures to these air toxics, which, given the compartmentalization of 
air pollution exposures in the complex urban environment, is particularly relevant to populations 
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Table 1. Median values for PM2.5, modified absorbance and particle-associated elements in 
urban outdoor and indoor microenvironments. New York compared to Los Angeles. 
Concentrations in ng/m3 unless otherwise indicated.  
New York School related Home outdoor Home indoor 
 NY 
Summer 
NY Winter NY Summer NY Winter NY Summer NY Winter 
Analyte       
PM2.5 (μg/m3) 15 9.4 13 13 15 17 
Abs (1/m * 105) 1.1 1.3 1.4 2.0 1.3 1.6 
Aluminum (Al) 39 31 36 37 30 33 
Antimony (Sb) 0.76 0.70 1.1 1.2 0.86 1.0 
Arsenic (As) 0.36 . 0.29 . 0.35 . 
Beryllium (Be) 0.0023 . 0.0025 . 0.0010 . 
Cadmium (Cd) 0.10 0.11 0.11 0.14 0.13 0.17 
Calcium (Ca) 38 43 42 55 49 65 
Cesium (Cs) 0.0052 0.0082 0.0043 0.010 0.0040 0.0070 
Chromium (Cr) 0.30 . 0.37 . 0.50 . 
Cobalt (Co) 0.57 0.94 0.84 1.48 0.80 1.2 
Copper (Cu) 3.2 3.9 4.1 5.3 4.1 5.7 
Iron (Fe) 80 66 110 100 94 74 
Lanthanum (La) 0.41 0.51 0.64 0.71 0.48 0.63 
Lead (Pb) 3.9 5.0 5.3 6.5 4.4 6.7 
Magnesium (Mg) 24 21 33 24 24 27 
Manganese (Mn) 1.7 1.3 2.1 2.2 1.9 2.0 
Molybdenum (Mo) . . . . . . 
Nickel (Ni) 9.3 17 13 28 13 19 
Platinum (Pt) 0.0010 0.00040 0.0014 0.00060 0.0010 0.0010 
Potassium (K) 54 34 44 40 50 75 
Scandium (Sc) 0.0091 0.0037 0.0065 0.0059 0.0050 0.0090 
Selenium (Se) 0.82 . 0.65 . 0.25 . 
Silver (Ag) 0.020 0.022 0.030 0.032 0.036 0.041 
Sodium (Na) 64 120 76 110 92 105 
Sulfur (S) 2064 780 1500 810 1030 723 
Thallium (Tl) 0.0073 0.0070 0.0062 0.0104 0.0060 0.012 
Tin (Sn) 0.67 0.41 0.79 0.62 1.1 0.89 
Titanium (Ti) 2.9 1.3 3.5 1.9 3.4 2.2 
Vanadium (V) 4.2 6.1 5.2 7.7 4.4 6.4 






Los Angeles School related Home outdoor Home Indoor 
 LA Fall LA Winter LA Fall  LA Winter LA Fall LA Winter 
Analyte       
PM2.5 (μg/m3) 14 9.2 15 8.9 16 14 
Abs (1/m * 105) 1.2 1.8 1.4 1.7 1.2 1.4 
Aluminum (Al) 47 45 57 41 74 80 
Antimony (Sb) 1.3 1.6 1.5 1.4 1.4 1.1 
Arsenic (As) 0.40 0.54 0.37 0.43 0.33 0.41 
Beryllium (Be) 0.00060 0.0016 0.00080 0.0015 0.0010 0.0010 
Cadmium (Cd) 0.14 0.30 0.13 0.29 0.14 0.29 
Calcium (Ca) 49 47 58 50 81 91 
Cesium (Cs) 0.0012 0.0038 0.0040 0.0046 0.0030 0.0040 
Chromium (Cr) 0.82 1.4 1.4 1.5 1.2 1.3 
Cobalt (Co) 0.069 0.12 0.089 0.16 0.095 0.12 
Copper (Cu) 3.5 5.2 3.9 4.5 4.0 5.0 
Iron (Fe) 106 144 104 131 91 100 
Lanthanum (La) 0.37 0.20 0.40 0.17 0.34 0.19 
Lead (Pb) 5.7 7.3 6.9 7.1 7.2 6.7 
Magnesium (Mg) 49 42 49 49 50 43 
Manganese (Mn) 2.4 3.1 3.2 3.1 2.8 2.8 
Molybdenum (Mo) 0.35 0.61 0.48 0.60 0.39 0.42 
Nickel (Ni) 3.4 5.0 6.9 3.5 5.0 2.8 
Platinum (Pt) 0.0023 0.0038 0.0023 0.0036 0.0020 0.0030 
Potassium (K) 48 53 40 48 57 64 
Scandium (Sc) 0.0068 0.0047 0.0071 0.0045 0.0080 0.0050 
Selenium (Se) 2.2 1.7 2.4 1.6 1.9 0.90 
Silver (Ag) 0.040 0.06 0.034 0.056 0.041 0.091 
Sodium (Na) 311 272 298 232 286 243 
Sulfur (S) 1570 524 1639 419 1860 416 
Thallium (Tl) 0.0042 0.0061 0.0053 0.0059 0.0040 0.0040 
Tin (Sn) 4.8 5.05 4.5 3.7 3.6 4.4 
Titanium (Ti) 5.5 5.6 7.1 5.2 7.6 6.7 
Vanadium (V) 5.2 1.8 6.9 1.8 6.7 1.6 









  Particulate matter (μg/m3) 
      
Bus PM 2.5 27 
Car or cab PM 2.5 18 
Motorcycle PM 2.5 54 
Subway or train PM 2.5 62 
      
Subway or train Trace elements  (ng/m3) 
  Al 675.16 
  As 2.59 
  Sb 12.47 
  Be 0.016 
  Cd 0.30 
  Ca 287.32 
  Cr 83.75 
  Cs 0.012 
  Co 2.20 
  Cu 114.35 
  Fe 25767.98 
  La 0.69 
  Pb 15.47 
  Mg 85.22 
  Mn 240.54 
  Mo 20.74 
  Ni 55.88 
  Pt NA 
  Se 0.58 
  S 1308.87 
  Sc 0.048 
  Na 399.95 
  Ag 0.39 
  Tl 0.0012 
  Sn 12.23 
  Ti 24.28 
  V 5.88 
  Zn 114.08 
Units: For Abs_coef (1/m*105), for PM2.5 (mcg/m3) for particle-associated elements (ng/m3).  
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Table 3A.  Correlation of time activity with personal exposures to air toxics by city and season: Percent 
time and correlation with analyte measurements (Bonferroni corrected p-values). 
NY-Summer Indoor (home) Outdoor (home) School Transit 
% time 68.3 8.9 0.4 5.1 
Analyte Spearman correlation coefficient (p-value) 
PM2_5 -0.040(1.000) -0.177(1.000) 0.067(1.000) 0.227(1.000) 
Abs_coef 0.097(1.000) -0.089(1.000) 0.134(1.000) -0.181(1.000) 
Ag 0.010(1.000) -0.041(1.000) 0.147(1.000) 0.391(1.000) 
Al -0.094(1.000) -0.043(1.000) 0.187(1.000) 0.220(1.000) 
As -0.317(1.000) -0.086(1.000) 0.107(1.000) 0.450(.3382) 
Be 0.016(1.000) -0.043(1.000) -0.200(1.000) -0.117(1.000) 
Ca -0.084(1.000) 0.171(1.000) 0.067(1.000) 0.095(1.000) 
Cd -0.045(1.000) 0.084(1.000) 0.134(1.000) 0.246(1.000) 
Co 0.101(1.000) -0.281(1.000) 0.187(1.000) -0.047(1.000) 
Cr -0.333(1.000) -0.107(1.000) 0.229(1.000) 0.636(0.0006) 
Cs -0.134(1.000) 0.180(1.000) -0.107(1.000) -0.125(1.000) 
Cu -0.186(1.000) -0.129(1.000) 0.174(1.000 0.497(0.0927) 
Fe -0.213(1.000) -0.126(1.000) 0.214(1.000) 0.525(0.0384) 
K -0.016(1.000) 0.017(1.000) 0.241(1.000) 0.045(1.000) 
La -0.006(1.000) -0.075(1.000) 0.040(1.000) -0.093(1.000) 
Mg -0.063(1.000) 0.027(1.000) 0.187(1.000) 0.124(1.000) 
Mn -0.218(1.000) -0.090(1.000) 0.200(1.000) 0.521(0.0441) 
Mo .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Na 0.138(1.000) -0.035(1.000) -0.027(1.000) -0.019(1.000) 
Ni 0.099(1.000) -0.217(1.000) 0.134(1.000) -0.016(1.000) 
Pb -0.031(1.000) 0.124(1.000) 0.013(1.000) -0.030(1.000) 
Pt 0.169(1.000) 0.135(1.000) -0.160(1.000) -0.097(1.000) 
S -0.122(1.000) 0.019(1.000) -0.147(1.000) 0.078(1.000) 
Sb 0.194(1.000) -0.276(1.000) 0.000(1.000) -0.300(1.000) 
Sc -0.071(1.000) 0.161(1.000) 0.134(1.000) -0.028(1.000) 
Se -0.082(1.000) 0.195(1.000) -0.174(1.000) 0.023(1.000) 
Sn 0.021(1.000) 0.273(1.000) -0.174(1.000) -0.048(1.000) 
Tl -0.177(1.000) 0.092(1.000) 0.067(1.000) 0.041(1.000) 
Ti 0.098(1.000) -0.015(1.000) 0.147(1.000) -0.101(1.000) 
V -0.031(1.000) 0.005(1.000) 0.214(1.000) 0.034(1.000) 






NY-Winter Indoor (home) Outdoor (home) School Transit 
% time 42.9 5.5 29.6 6.8 
Analyte Spearman correlation coefficient (p-value) 
PM2_5 0.258(1.000) -0.027(0.882) -0.106(1.000) -0.344(1.000) 
Abs_coef 0.115(1.000) 0.168(0.341) -0.011(1.000) -0.297(1.000) 
Ag -0.158(1.000) -0.031(0.863) 0.054(1.000) 0.106(1.000) 
Al 0.054(1.000) 0.222(0.632) 0.378(1.000) 0.218(1.000) 
As .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Be .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Ca -0.129(1.000) 0.076(0.674) 0.395(1.000) -0.221(1.000) 
Cd 0.017(1.000) 0.025(0.891) 0.242(1.000) -0.387(1.000) 
Co 0.181(1.000) -0.018(0.921) 0.207(1.000) -0.121(1.000) 
Cr .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Cs 0.070(1.000) 0.158(0.379) 0.266(1.000) -0.550(.0699) 
Cu -0.168(1.000) 0.071(0.693) 0.268(1.000) 0.096(1.000) 
Fe -0.388(1.000) -0.070(0.699) 0.218(1.000) 0.384(1.000) 
K 0.321(1.000) 0.097(0.590) 0.007(1.000) -0.532(.1151) 
La 0.135(1.000) -0.074(0.684) 0.380(1.000) -0.311(1.000) 
Mg 0.038(1.000) 0.005(1.000) 0.163(1.000) -0.330(1.000) 
Mn -0.365(1.000) -0.041(1.000) 0.229(1.000) 0.339(1.000) 
Mo .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Na 0.197(1.000) -0.273(1.000) 0.137(1.000) -0.128(1.000) 
Ni -0.014(1.000) -0.117(1.000) 0.315(1.000) 0.001(1.000) 
Pb 0.028(1.000) 0.261(1.000) 0.125(1.000) -0.200(1.000) 
Pt -0.060(1.000) 0.072(1.000) 0.283(1.000) -0.436(1.000) 
S 0.086(1.000) 0.143(1.000) 0.183(1.000) -0.455(.7197) 
Sb 0.170(1.000) 0.336(1.000) 0.076(1.000) -0.289(1.000) 
Sc .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Se .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Sn -0.067(1.000) -0.057(1.000) 0.335(1.000) -0.437(1.000) 
Ti -0.272(1.000) 0.202(1.000) 0.397(1.000) -0.108(1.000) 
Tl 0.252(1.000) 0.080(1.000) 0.151(1.000) -0.698(0.0002) 
V 0.135(1.000) 0.065(1.000) 0.138(1.000) -0.126(1.000) 






LA-Fall Indoor (home) Outdoor (home) School Transit 
% time 55.3 8.9 19.5 4.5 
Analyte Spearman correlation coefficient (p-value) 
PM2_5 -0.101(1.000) 0.310(1.000) -0.102(1.000) 0.105(1.000) 
Abs_coef -0.004(1.000) 0.112(1.000) -0.120(1.000) 0.347(1.000) 
Ag -0.298(1.000) 0.254(1.000) 0.231(1.000) -0.067(1.000) 
Al -0.669(0.0023) 0.122(1.000) 0.545(.1512) 0.013(1.000) 
As -0.352(1.000) 0.284(1.000) 0.112(1.000) 0.475(1.000) 
Be -0.573(0.0696) 0.272(1.000) 0.395(1.000) 0.066(1.000) 
Ca -0.680(0.0014) 0.106(1.000) 0.588(.0446) 0.104(1.000) 
Cd -0.279(1.000) 0.081(1.000) 0.166(1.000) 0.335(1.000) 
Co -0.491(0.5499) 0.329(1.000) 0.206(1.000) 0.160(1.000) 
Cr -0.358(1.000) 0.026(1.000) 0.318(1.000) 0.095(1.000) 
Cs -0.603(0.0279) 0.265(1.000) 0.441(1.000) -0.048(1.000) 
Cu -0.481(0.6862) 0.060(1.000) 0.257(1.000) 0.334(1.000) 
Fe -0.595(0.0359) 0.224(1.000) 0.390(1.000) 0.205(1.000) 
K -0.215(1.000) 0.272(1.000) 0.093(1.000) -0.179(1.000) 
La -0.537(0.1858) 0.202(1.000) 0.349(1.000) -0.008(1.000) 
Mg -0.360(1.000) 0.170(1.000) 0.237(1.000) 0.101(1.000) 
Mn -0.319(1.000) 0.192(1.000) 0.206(1.000) 0.169(1.000) 
Mo -0.214(1.000) 0.224(1.000) 0.027(1.000) 0.341(1.000) 
Na -0.159(1.000) 0.112(1.000) 0.115(1.000) 0.036(1.000) 
Ni -0.372(1.000) 0.097(1.000) 0.240(1.000) 0.196(1.000) 
Pb -0.195(1.000) 0.076(1.000) 0.152(1.000) 0.120(1.000) 
Pt -0.240(1.000) 0.432(1.000) -0.003(1.000) 0.256(1.000) 
S -0.140(1.000) 0.260(1.000) -0.079(1.000) 0.080(1.000) 
Sb -0.153(1.000) 0.338(1.000) -0.054(1.000) 0.201(1.000) 
Sc -0.641(0.0073) 0.164(1.000) 0.476(.7634) 0.092(1.000) 
Se -0.208(1.000) 0.302(1.000) 0.018(1.000) 0.153(1.000) 
Sn -0.146(1.000) 0.155(1.000) 0.092(1.000) 0.132(1.000) 
Ti -0.593(0.0378) 0.262(1.000) 0.359(1.000) 0.146(1.000) 
Tl -0.173(1.000) 0.198(1.000) 0.054(1.000) 0.228(1.000) 
V -0.176(1.000) 0.300(1.000) -0.064(1.000) 0.172(1.000) 




LA-Winter Indoor (home) Outdoor (home) School Transit 
% time 39.6 7.5 38.2 2.2 
Analyte Spearman correlation coefficient (p-value) 
PM2_5 0.305(1.000) -0.189(1.000) -0.077(1.000) -0.200(1.000) 
Abs_coef 0.019(1.000) -0.021(1.000) 0.028(1.000) 0.148(1.000) 
Ag -0.018(1.000) -0.296(1.000) 0.042(1.000) -0.156(1.000) 
Al -0.087(1.000) 0.047(1.000) -0.128(1.000) -0.189(1.000) 
As 0.130(1.000) -0.081(1.000) 0.099(1.000) -0.241(1.000) 
Be 0.050(1.000) 0.060(1.000) -0.056(1.000) -0.059(1.000) 
Ca 0.132(1.000) -0.055(1.000) -0.159(1.000) -0.431(1.000) 
Cd 0.216(1.000) 0.010(1.000) -0.256(1.000) -0.092(1.000) 
Co 0.013(1.000) 0.054(1.000) -0.356(1.000) -0.235(1.000) 
Cr 0.157(1.000) 0.197(1.000) -0.274(1.000) 0.196(1.000) 
Cs 0.316(1.000) -0.207(1.000) -0.056(1.000) -0.173(1.000) 
Cu 0.134(1.000) -0.167(1.000) 0.021(1.000) 0.052(1.000) 
Fe -0.005(1.000) 0.036(1.000) -0.118(1.000) -0.091(1.000) 
K 0.117(1.000) -0.031(1.000) -0.092(1.000) -0.028(1.000) 
La 0.047(1.000) -0.243(1.000) 0.120(1.000) 0.090(1.000) 
Mg 0.048(1.000) -0.079(1.000) -0.139(1.000) -0.089(1.000) 
Mn 0.110(1.000) 0.009(1.000) -0.216(1.000) -0.147(1.000) 
Mo .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Na -0.381(1.000) -0.238(1.000) 0.353(1.000) 0.033(1.000) 
Ni 0.218(1.000) -0.030(1.000) -0.372(1.000) -0.132(1.000) 
Pb 0.155(1.000) -0.298(1.000) 0.160(1.000) -0.043(1.000) 
Pt 0.547(1.000) 0.444(1.000) -0.349(1.000) -0.176(1.000) 
S 0.231(1.000) -0.075(1.000) 0.075(1.000) -0.312(1.000) 
Sb 0.252(1.000) -0.311(1.000) 0.184(1.000) 0.056(1.000) 
Sc 0.114(1.000) -0.153(1.000) -0.129(1.000) -0.209(1.000) 
Se 0.336(1.000) -0.183(1.000) 0.048(1.000) 0.059(1.000) 
Sn 0.140(1.000) -0.005(1.000) 0.163(1.000) -0.239(1.000) 
Ti 0.068(1.000) -0.055(1.000) 0.034(1.000) -0.201(1.000) 
Tl 0.119(1.000) 0.137(1.000) 0.065(1.000) 0.059(1.000) 
V 0.147(1.000) 0.026(1.000) 0.265(1.000) -0.253(1.000) 






Table 3B. Spearman correlation of time-adjusted microenvironment exposures with measured personal 
exposures to air toxics by city and season. (Bonferroni corrected p-values) 
 
NY Summer Indoor (home) Outdoor (home) School Transit 
Abs_coef 0.754 (0.000) 0.436( 0.008) 0.134 (0.405) .   ( .   ) 
Ag 0.157 (0.355) -0.130 (0.473) 0.147 (0.359) 0.629 (0.000) 
Al 0.235(0.161) -0.273(0.124) 0.187(0.241) 0.458(0.003) 
As 0.676(0.000) 0.114(0.528) 0.107(0.506) 0.650(0.000) 
Be 0.374(0.046) 0.296(0.193) -0.200(0.209) 0.064(0.691) 
Ca 0.298(0.073) 0.089(0.622) 0.067(0.678) 0.301(0.056) 
Cd 0.562(0.000) -0.031(0.863) 0.134(0.405) 0.468(0.002) 
Co 0.834(0.000) 0.326(0.064) 0.187(0.241) 0.162(0.311) 
Cr 0.148(0.391) -0.184(0.322) 0.229(0.155) 0.820(0.000) 
Cs 0.646(0.000) 0.111(0.537) -0.107(0.506) -0.027(0.866) 
Cu 0.335(0.043) -0.367(0.036) 0.174(0.277) 0.749(0.000) 
Fe 0.105(0.537) -0.215(0.230) 0.214(0.179) 0.752(0.000) 
K 0.667(0.000) -0.008(0.965) 0.241(0.130) 0.183(0.252) 
La 0.451(0.005) 0.129(0.473) 0.040(0.803) 0.065(0.685) 
Mg 0.487(0.006) 0.136(0.452) .   ( .   ) 0.233(0.142) 
Mn 0.109(0.520) -0.209(0.244) 0.200(0.209) 0.780(0.000) 
Mo .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Na 0.656(0.000) 0.286(0.106) -0.027(0.868) 0.102(0.527) 
Ni 0.622(0.000) 0.058(0.750) 0.134(0.405) 0.123(0.443) 
Pb 0.767(0.000) 0.352(0.044) 0.013(0.934) 0.067(0.677) 
PM2_5 0.804(0.000) -0.246(0.148) 0.067(0.678) 0.302(0.055) 
Pt 0.609(0.000) 0.206(0.250) .   ( .   ) .   ( .   ) 
S 0.862(0.000) 0.341(0.052) .   ( .   ) 0.184(0.249) 
Sb 0.690(0.000) 0.130(0.471) 0.000(1.000) -0.112(0.488) 
Sc 0.347(0.035) -0.080(0.670) 0.134(0.405) 0.033(0.837) 
Se 0.531(0.001) 0.414(0.017) -0.174(0.277) 0.065(0.685) 
Sn 0.504(0.001) 0.217(0.387) -0.174(0.277) 0.118(0.461) 
Ti 0.553(0.000) 0.133(0.459) 0.147(0.359) 0.134(0.402) 
Tl 0.717(0.000) -0.009(0.960) 0.067(0.678) 0.221(0.165) 
V 0.693(0.000) 0.331(0.060) 0.214(0.179) 0.212(0.183) 




NY Winter Indoor (home) Outdoor (home) School Transit 
Abs_coef 0.624(0.000) 0.529(0.002) 0.140(0.429) .   ( .   ) 
Ag 0.348(0.047) 0.104(0.579) 0.317(0.072) 0.328(0.063) 
Al 0.400(0.505) 0.543(0.266) 0.643(0.119) 0.564(0.187) 
As .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Be .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Ca 0.120(0.506) 0.161(0.386) 0.497(0.003) -0.225(0.208) 
Cd 0.415(0.016) 0.152(0.415) 0.354(0.043) -0.169(0.347) 
Co 0.725(0.000) 0.414(0.021) 0.424(0.014) 0.003(0.986) 
Cr .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Cs 0.660(0.000) 0.417(0.020) 0.400(0.021) -0.440(0.010) 
Cu 0.327(0.063) 0.233(0.207) 0.330(0.061) 0.149(0.408) 
Fe -0.420(0.015) -0.099(0.595) 0.198(0.270) 0.588(0.000) 
K 0.686(0.000) 0.160(0.391) 0.042(0.816) -0.462(0.007) 
La 0.476(0.005) 0.237(0.199) 0.323(0.067) -0.233(0.192) 
Mg 0.590(0.000) 0.294(0.108) 0.346(0.097) -0.207(0.248) 
Mn -0.311(0.078) -0.031(0.868) 0.129(0.475) 0.584(0.000) 
Mo .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Na 0.556(0.013) 0.259(0.417) 0.392(0.233) 0.103(0.623) 
Ni 0.533(0.001) 0.357(0.049) 0.392(0.024) -0.031(0.866) 
Pb 0.615(0.000) 0.471(0.007) 0.348(0.047) -0.157(0.382) 
PM2_5 0.716(0.000) 0.089(0.626) 0.016(0.931) -0.301(0.089) 
Pt 0.461(0.007) 0.131(0.482) .   ( .   ) .   ( .   ) 
S 0.679(0.000) 0.424(0.018) .   ( .   ) -0.263(0.139) 
Sb 0.703(0.000) 0.478(0.007) 0.283(0.111) -0.167(0.352) 
Sc .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Se .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Sn 0.737(0.000) 0.260(0.158) 0.696(0.000) -0.372(0.033) 
Ti 0.068(0.706) 0.253(0.171) 0.465(0.006) -0.135(0.453) 
Tl 0.705(0.000) 0.195(0.350) 0.468(0.006) -0.579(0.000) 
V 0.687(0.000) 0.457(0.010) 0.425(0.014) 0.003(0.985) 




LA Fall Indoor (home) Outdoor (home) School Roof Transit 
Abs_coef 0.429(0.014) 0.310(0.084) 0.079(0.664) .   ( .   ) 
Ag 0.451(0.012) 0.423(0.020) 0.346(0.057) .   ( .   ) 
Al 0.095(0.619) 0.343(0.064) 0.556(0.001) .   ( .   ) 
As 0.465(0.010) 0.517(0.003) 0.285(0.120) .   ( .   ) 
Be 0.456(0.015) 0.690(0.000) 0.533(0.002) .   ( .   ) 
Ca -0.108(0.569) 0.234(0.213) 0.589(0.000) .   ( .   ) 
Cd 0.697(0.000) 0.493(0.006) 0.422(0.018) .   ( .   ) 
Co 0.223(0.236) 0.503(0.005) 0.317(0.082) .   ( .   ) 
Cr 0.426(0.019) 0.186(0.326) 0.381(0.035) .   ( .   ) 
Cs 0.182(0.345) 0.439(0.015) 0.471(0.007) .   ( .   ) 
Cu 0.050(0.795) 0.160(0.397) 0.244(0.186) .   ( .   ) 
Fe 0.094(0.623) 0.379(0.039) 0.438(0.014) .   ( .   ) 
K 0.563(0.001) 0.410(0.024) 0.249(0.178) .   ( .   ) 
La 0.101(0.596) 0.250(0.182) 0.380(0.035) .   ( .   ) 
Mg 0.455(0.011) 0.386(0.035) 0.439(0.014) .   ( .   ) 
Mn 0.472(0.008) 0.410(0.025) 0.322(0.077) .   ( .   ) 
Mo 0.723(0.000) 0.492(0.006) 0.306(0.094) .   ( .   ) 
Na 0.582(0.001) 0.383(0.037) 0.405(0.024) .   ( .   ) 
Ni -0.009(0.962) 0.280(0.134) 0.124(0.507) .   ( .   ) 
Pb 0.638(0.000) 0.489(0.006) 0.280(0.127) .   ( .   ) 
PM2_5 0.440(0.012) 0.527(0.002) 0.054(0.766) 0.095(0.600) 
Pt 0.375(0.041) 0.542(0.002) .   ( .   ) .   ( .   ) 
S 0.565(0.001) 0.595(0.001) .   ( .   ) .   ( .   ) 
Sb 0.680(0.000) 0.550(0.002) 0.210(0.257) .   ( .   ) 
Sc 0.147(0.439) 0.427(0.018) 0.537(0.002) .   ( .   ) 
Se 0.672(0.000) 0.656(0.000) 0.421(0.018) .   ( .   ) 
Sn 0.789(0.000) 0.542(0.002) 0.425(0.017) .   ( .   ) 
Ti 0.262(0.162) 0.591(0.001) 0.531(0.002) .   ( .   ) 
Tl 0.805(0.000) 0.628(0.000) 0.345(0.058) .   ( .   ) 
V 0.755(0.000) 0.649(0.000) 0.347(0.056) .   ( .   ) 




LA Winter Indoor (home) Outdoor (home) School Roof Transit 
Abs_coef 0.210(0.335) 0.088(0.690) 0.035(0.875) .   ( .   ) 
Ag 0.801(0.000) 0.369(0.084) 0.650(0.001) .   ( .   ) 
Al 0.168(0.444) 0.408(0.053) -0.168(0.445) .   ( .   ) 
As 0.605(0.002) 0.008(0.973) 0.229(0.294) .   ( .   ) 
Be 0.231(0.301) 0.331(0.132) -0.023(0.918) .   ( .   ) 
Ca 0.230(0.291) 0.235(0.305) -0.203(0.353) .   ( .   ) 
Cd 0.507(0.014) 0.129(0.556) -0.047(0.830) .   ( .   ) 
Co 0.651(0.001) 0.527(0.012) 0.605(0.002) .   ( .   ) 
Cr 0.292(0.176) 0.212(0.357) -0.119(0.588) .   ( .   ) 
Cs 0.601(0.003) 0.621(0.003) 0.505(0.014) .   ( .   ) 
Cu 0.627(0.001) 0.173(0.440) 0.349(0.103) .   ( .   ) 
Fe 0.309(0.151) 0.309(0.173) 0.349(0.103) .   ( .   ) 
K 0.552(0.006) 0.071(0.758) 0.014(0.950) .   ( .   ) 
La 0.464(0.026) 0.242(0.266) 0.358(0.093) .   ( .   ) 
Mg 0.051(0.816) 0.232(0.311) 0.187(0.392) .   ( .   ) 
Mn 0.227(0.297) 0.183(0.427) 0.261(0.229) .   ( .   ) 
Mo .   ( .   ) .   ( .   ) .   ( .   ) .   ( .   ) 
Na -0.160(0.466) -0.113(0.615) 0.551(0.006) .   ( .   ) 
Ni 0.121(0.584) 0.146(0.516) 0.176(0.421) .   ( .   ) 
Pb 0.732(0.000) 0.258(0.235) 0.376(0.077) .   ( .   ) 
PM2_5 0.648(0.001) 0.279(0.198) 0.398(0.060) -0.180(0.410) 
Pt 0.261(0.467) 0.657(0.156) .   ( .   ) .   ( .   ) 
S 0.779(0.000) 0.323(0.133) .   ( .   ) .   ( .   ) 
Sb 0.747(0.000) 0.109(0.622) 0.713(0.000) .   ( .   ) 
Sc 0.397(0.061) 0.435(0.043) -0.173(0.429) .   ( .   ) 
Se 0.695(0.000) 0.213(0.342) 0.602(0.002) .   ( .   ) 
Sn 0.494(0.017) 0.112(0.612) 0.567(0.005) .   ( .   ) 
Ti 0.247(0.256) 0.400(0.072) 0.039(0.860) .   ( .   ) 
Tl 0.817(0.007) 0.786(0.036) 0.471(0.066) .   ( .   ) 
V 0.914(0.000) 0.571(0.006) 0.777(0.000) .   ( .   ) 






Table 4 A-D.  Partial and model R2s from regression models to explain personal toxics exposures by 
analyte and input. 
4A. Stepwise regression results (R2) for microenvironmental and time activity predictors. 
NY Summer 
  Microenvironment Timeactivity 
Outcome: 
Per exposure 
Variable Partial R2 Model R2 Partial R2 Model R2 
Abs_coef Indoor 0.6935 0.6935 …. 
ln Ag Indoor …. 0.1457 0.391 
 Transit …. 0.2034 0.2034 
ln Al Indoor 0.1584 0.1584 …. 
 Transit …. 0.0621 0.0621 
ln As Indoor 0.2914 0.2914   
 Transit …. 0.1506 0.1506 
ln Be Indoor 0.2261 0.2261   
ln Ca Indoor 0.1331 0.1331 …. 
ln Cd Indoor 0.2180 0.2180   
 Transit .... 0.0670 0.0670 
ln Co Indoor 0.7596 0.7596 …. 
ln Cr Transit …. 0.4385 0.4385 
ln Cs Indoor 0.5703 0.5703 …. 
 Outdoor …. 0.0800 0.0800 
ln Cu Indoor 0.0684 0.0684 0.1008 0.3050 
 Transit …. 0.2497 0.2497 
ln Fe Transit …. 0.3085 0.3085 
ln K Indoor 0.4450 0.4450   
 School related 0.0410 0.4860 0.0629 0.0629 
ln La Indoor 0.1293 0.1293 …. 
 School related 0.0726 0.2019 …. 
ln Mg  None None 
ln Mn Indoor …. 0.0387 0.3566 
 Transit …. 0.3179 0.3179 
ln Mo  NA NA 
ln Na Outdoor 0.3551 0.3551 …. 
ln Ni Outdoor 0.2368 0.2368 …. 
ln Pb Indoor 0.0693 0.0693 …. 
ln PM2.5 Indoor 0.7869 0.7869 …. 
 School related 0.0509 0.8378 …. 
ln Pt Indoor 0.5728 0.5728 …. 
 Outdoor 0.0409 0.6137 …. 
ln S Indoor 0.6713 0.6713 …. 




ln Sb Indoor 0.0906 0.0906 0.0686 0.3468 
 Outdoor …. 0.2782 0.2782 
ln Sc Indoor 0.2351 0.2351 …. 
ln Se Indoor 0.3319 0.3319 …. 
ln Sn Indoor 0.7324 0.7324 0.0623 0.0623 
 Outdoor 0.0503 0.7826 …. 
ln Ti Indoor 0.2498 0.2498 …. 
ln Tl Indoor 0.6546 0.6546 …. 
ln V Indoor 0.7113 0.7113 …. 





4B. Stepwise regression results (R2) for microenvironmental and time activity predictors. 
NY Winter 
  Microenvironment Timeactivity 
Outcome: 
Per exposure 
Variable Partial R2 Model R2 Partial R2 Model R2 
Abs_coef Outdoor 0.5359 0.5359   
 School related   0.0640 0.0640 
ln Ag Indoor 0.2898 0.2898   
ln Al  None None 
ln As Indoor 0.9388 0.9388   
ln Be  None None 
ln Ca Indoor 0.2568 0.2568   
ln Cd Indoor 0.1513 0.1513   
 Transit   0.1032 0.1032 
ln Co Indoor 0.6674 0.6674   
 School related 0.0804 0.7478   
ln Cr NA   
ln Cs Indoor 0.5225 0.5225   
 School related 0.0355 0.5580   
 Transit   0.3000 0.3000 
ln Cu Indoor 0.0728 0.0728   
ln Fe Indoor   0.2171 0.2171 
 School related 0.0993 0.0993   
 Transit …. …. 0.0721 0.0721 
ln K Indoor 0.6518 0.6518   
 Outdoor   0.0732 0.3858 
 Transit   0.3126 0.3126 
ln La Indoor 0.3219 0.3219   
 Transit   0.1528 0.1528 
ln Mg Indoor 0.1655 0.4866   
 School related 0.3211 0.3211   
ln Mn Indoor   0.1926 0.1926 
 Transit   0.0581 0.2507 
ln Mo NA NA NA 
ln Na School related 0.8425 0.8425 None 
ln Ni Indoor 0.1475 0.1475 None 
ln Pb Indoor 0.5947 0.5947   
 Outdoor 0.0745 0.6682 0.2616 0.2616 
ln PM2.5 Indoor 0.4160 0.4160 0.1026 0.1026 
 Outdoor 0.0856 0.5015   
ln Pt Indoor 0.2261 0.2261   
 School related 0.0878 0.3136 0.0594 0.2097 
 Transit   0.1503 0.1503 
ln S Indoor 0.4503 0.4503   
 Outdoor 0.0409 0.4912   
 Transit   0.1946 0.1946 
229 
 
ln Sb Outdoor 0.7012 0.7012   
 School related 0.0569 0.7581   
ln Sc None     
ln Se None     
ln Sn Indoor 0.7646 0.7646   
 Outdoor   0.0591 0.2720 
 School related   0.2111 0.2111 
ln Ti Indoor 0.7471 0.7471   
 Transit   0.4277 0.4277 
ln Tl None     
ln V Indoor 0.6835 0.6835   
 Outdoor 0.0233 0.7521   
 School related 0.0453 0.7288   
 Transit   0.1001 0.1001 
ln Zn Indoor 0.4989 0.4989   




4C. Stepwise regression results (R2) for microenvironmental and time activity inputs. 
LA Fall 
  Microenvironment Timeactivity 
Outcome: 
Per exposure 
Variable Partial R2 Model R2 Partial R2 Model R2 
Abs_coef Outdoor 0.3174 0.3174   
 Transit   0.0698 0.0698 
ln Ag Indoor 0.2338 0.2338 0.1362 0.1362 
 Outdoor   0.0660 0.2002 
ln Al Indoor 0.3930 0.3930   
 Outdoor 0.2597 0.5526   
ln As Indoor   0.1190 0.2697 
 Outdoor 0.4786 0.4786   
 Transit   0.1507 0.1507 
ln Be Indoor 0.3876 0.3876 0.3352 0.3352 
ln Ca Indoor 0.0622 0.2991 0.4284 0.4284 
 Outdoor 0.2369 0.2369   
ln Cd Indoor 0.7200 0.7200   
 Transit   0.1260 0.1260 
ln Co Indoor 0.5289 0.5289 0.1147 0.1147 
 School related 0.0615 0.5904 0.0798 0.1946 
ln Cr Indoor   0.1352 0.1352 
 Outdoor 0.2315 0.2315   
ln Cs Indoor 0.3722 0.3722 0.4513 0.4513 
 Outdoor 0.0810 0.4539   
ln Cu Indoor   0.2621 0.2621 
 Outdoor 0.1942 0.1942 0.0096 0.3517 
ln Fe Indoor 0.3798 0.3798 0.3571 0.3571 
 Outdoor 0.0515 0.4313   
 School related 0.0510 0.4834 0.0470 0.0441 
ln K Indoor 0.5318 0.5318   
 Outdoor 0.1112 0.6429   
ln La Indoor 0.2881 0.2881   
ln Mg Indoor 0.0680 0.5661 0.1687 0.1687 
 School related 0.4952 0.4982   
ln Mn Indoor 0.5136 0.5136 0.1387 0.1387 
ln Mo Indoor 0.7056 0.7056   
 Transit   0.1440 0.1440 
ln Na Indoor 0.0315 0.7204   
 School related 0.6889 0.6889   
ln Ni Indoor 0.1316 0.1316 0.1631 0.1631 
 Outdoor 0.1216 0.2534   
ln Pb Indoor 0.8060 0.8060   
 Outdoor 0.0794 0.8865   
ln PM2.5 Outdoor 0.2969 0.2969   
ln Pt Outdoor 0.3177 0.3177   
231 
 
ln S School related 0.9213 0.9213   
ln Sb Outdoor 0.6790 0.6790 0.1832 0.1832 
ln Sc Indoor 0.1204 0.5414 0.4167 0.4167 
 Outdoor 0.4211 0.4211   
ln Se Indoor 0.6752 0.6752   
ln Sn Indoor 0.7106 0.7106   
ln Ti Indoor 0.4463 0.4463   
ln Tl Indoor 0.7778 0.7778   
ln V Indoor 0.7954 0.7954   
ln Zn Indoor 0.1051 0.6235 0.1745 0.1745 





4D. Stepwise regression results (R2) for microenvironmental and time activity inputs. 
LA Winter 
  Microenvironment Timeactivity 
Outcome: 
Per exposure 
Variable Partial R2 Model R2 Partial R2 Model R2 
Abs_coef None     
ln Ag Indoor 0.5415 0.5415   
 School related 0.0958 0.6373   
 Transit   0.0941 0.2021 
ln Al Outdoor 0.1487 0.1487   
ln As Indoor 0.4600 0.4600   
 Outdoor 0.0721 0.6275   
 School related 0.0953 0.5563   
ln Be Transit   0.0963 0.0963 
ln Ca Transit   0.1448 0.1448 
ln Cd Indoor 0.1050 0.1050   
ln Co Outdoor 0.1957 0.7926   
 School related 0.5969 0.5969   
 Transit   0.1557 0.1557 
ln Cr Indoor   0.0924 0.2028 
 Transit   0.1114 0.1114 
ln Cs School related 0.6302 0.6302   
ln Cu Indoor 0.2621 0.2621   
 Outdoor 0.0896 0.3517   
ln Fe Outdoor 0.3581 0.3581   
 School related 0.0749 0.4330   
ln K Indoor 0.1920 0.1920 0.0968 0.0968 
ln La Outdoor 0.2436 0.2436   
ln Mg None     
ln Mn None     
ln Mo None     
ln Na Indoor   0.1653 0.1653 
 Outdoor 0.2675 0.2675   
ln Ni School related   0.1372 0.1372 
ln Pb Outdoor 0.3677 0.3677 0.1261 0.1261 
 School related 0.0941 0.4619   
ln PM2.5 Indoor 0.1120 0.5467   
 School related 0.4337 0.4337   
 Transit   0.1266 0.1266 
ln Pt Indoor   0.2663 0.2663 
ln S Indoor 0.0264 0.9206   
 School related 0.8942 0.8942   
 Transit   0.0977 0.0977 
ln Sb Indoor 0.2464 0.8981   
 Outdoor   0.0988 0.0988 
 School related 0.6467 0.6467   
233 
 
ln Sc Outdoor 0.2294 0.2294   
ln Se Indoor   0.6752 0.6752 
 School related 0.5090 0.5090   
ln Sn Indoor 0.0650 0.5612   
 Outdoor 0.0712 0.6224 0.1112 0.2826 
 School related 0.4862 0.4862   
 Transit   0.1714 0.1714 
ln Ti Outdoor 0.2883 0.2883   
ln Tl School related 1.0000 1.0000   
ln V School related 0.9133 0.9133 0.1034 0.1034 





Table 5 A-D. Modeling of personal exposures to air toxics by time-activity adjusted 
microenvironmental inputs:  Stepwise regression results and cross-validation. 












Abs_coef Intercept 0.38322  0.0021   
<.0001 Indoor 0.92777 0.6140 <0.0001 x x 
0.7126 Outdoor 1.10799 0.0987 0.0019 x x 
 School       
 Transit      
ln Ag Intercept -3.63466  <.0001   
<0.001 Indoor 11.67307 0.1930 0.0008 x x 
0.5980 Outdoor      
 School       
 Transit 40.50178 0.4050 <.0001 x x 
ln Al Intercept 3.39154  <.0001   
0.0016 Indoor 0.00929 0.1987 0.0056 x x 
0.3576 Outdoor      
 School       
 Transit 0.00941 0.1589 0.0051 x x 
ln As Intercept -1.53293  <.0001   
<.0001 Indoor 1.45598 0.1714 0.0034 x x 
0.5102 Outdoor      
 School       
 Transit 3.15002 0.3388 0.0005 x x 
ln Be Intercept -6.35831  <.0001   
NS Indoor    x x 
 Outdoor      
 School       
 Transit      
ln Ca Intercept 3.26222  <0.0001   
0.0291 Indoor 0.01285 0.1206 0.0065 x x 
0.2732 Outdoor 0.04732 0.0673 0.1186   
 School       
 Transit 0.02492 0.0854 0.0250   
ln Cd Intercept -2.43532  <.0001   
0.0007 Indoor 3.26244 0.1505 0.0118 x x 
0.3960 Outdoor      
 School       
 Transit 34.32175 0.2455 0.0055 x x 
ln Co Intercept -1.90112  <.0001   
<0.0001 Indoor 2.01836 0.6615 <.0001    
0.7822 Outdoor 2.03411 0.0371 0.0410   
 School  8.38508 0.0521 0.0465    
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| Transit 2.41804 0.0315 0.0241   
ln Cr Intercept -0.41201  0.1076   
<0.0001 Indoor      
0.6122 Outdoor      
 School       
 Transit 0.33008 0.6122 <0.0001 x x 
ln Cs Intercept -6.27966  <.0001   
<0.0001 Indoor 196.30945 0.4481 <.0001 x - 
0.5721 Outdoor 415.26043 0.1239 0.0071 x - 
 School       
 Transit      
ln Cu Intercept 1.30305  <0.0001   
<0.0001 Indoor 0.03888 0.0553 0.0746  x 
0.5312 Outdoor      
 School       
 Transit 0.10227 0.4759 <.0001 x x 
ln Fe Intercept 4.21259     
<0.0001 Indoor 0.00829 0.0438 0.0869 x x 
0.5958 Outdoor      
 School       
 Transit 0.00130 0.5520 <.0001 x x 
ln K Intercept 3.70726  <.0001   
<0.0001 Indoor 0.00791 0.4323 <.0001 x x 
0.6389 Outdoor  0.1430    
 School  0.09026 0.0636 0.0007 x - 
 Transit -0.02151  0.0347 x - 
ln La Intercept -1.22631  <.0001   
0.0609 Indoor 0.70623 0.1123 0.0609 x - 
0.1123 Outdoor      
 School       
 Transit      
ln Mg Intercept NO 
PREDICTORS 
    
 Indoor      
 Outdoor      
 School       
 Transit      
ln Mn Intercept 0.15917  0.6005   
<0.0001 Indoor 0.45018 0.0657 0.0249 x x 
0.6591 Outdoor      
 School       
 Transit 0.10724 0.5934 <.0001 x x 
ln Mo Intercept NO 
PREDICTORS 
    
 Indoor      
 Outdoor      
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 School       
 Transit      
ln Na Intercept 4.32878  <.0001   
0.0279 Indoor 0.00176 0.1465 0.0958 - x 
0.2187 Outdoor 0.01635 0.0722 0.1123  - x 
 School       
 Transit      
ln Ni Intercept 1.92366  <.0001   
0.0095 Indoor 0.06214 0.2041 0.0095 - x 
0.2041 Outdoor      
 School       
 Transit      
ln Pb Intercept 1.81438  <.0001   
NA Indoor NO 
PREDICTORS 
    
 Outdoor      
 School       
 Transit      
ln PM2.5 Intercept 2.28901  <.0001   
<0.0001 Indoor 0.02865 0.8211 <.0001 x x 
0.8376 Outdoor      
 School       
 Transit 0.03079 0.0165 0.0762  x 
ln Pt Intercept -7.11973  <.0001   
<0.0001 Indoor 523.68763 0.5296 <.0001 x x 
0.5296 Outdoor      
 School       
 Transit      
ln S Intercept 6.32084  <0.0001   
<0.0001 Indoor 0.00067898 0.6215 <.0001 x x 
0.6215 Outdoor      
 School       
 Transit      
ln Sb Intercept -0.98188  0.0293   
0.0876 Indoor 1.03384 0.0679 0.0586 x x 
0.1546 Outdoor      
 School       
 Transit 0.71566 0.0866 0.0954 - - 
ln Sc Intercept -5.91140  <.0001   
0.0112 Indoor 108.44825 0.1847 0.0028 x - 
0.3423 Outdoor 200.41799 0.0789 0.0892   
 School  148.12590     
 Transit  0.0787 0.0313   
ln Se Intercept -1.84407  <.0001   
0.0013 Indoor 1.82304 0.3185 0.0050 x x 
0.3685 Outdoor 4.23215 0.0500 0.1460 x x 
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 School       
 Transit      
ln Sn Intercept -0.12596  0.2983   
<0.0001 Indoor 0.27207 0.7191 <.0001 x x 
0.7191 Outdoor      
 School       
 Transit      
ln Ti Intercept 0.92506  <.0001   
0.0065 Indoor 0.18373 0.2219 0.0065 x - 
0.2219 Outdoor      
 School       
 Transit      
ln Tl Intercept -5.51382  <.0001   
<0.0001 Indoor 94.39462 0.5880 <.0001   
0.5880 Outdoor      
 School       
 Transit      
ln V Intercept 0.24117  0.0679   
<0.0001 Indoor  0.5308 <.0001 x x 
0.7392 Outdoor  0.0565 0.0080 x - 
 School   0.1003 0.0105 x - 
 Transit  0.0515 0.0288 x - 
ln Zn Intercept 3.24273  <.0001   
<0.0001 Indoor 0.00603 0.4614 <.0001 x x 
0.4614 Outdoor      
 School      
 Transit      














Abs_coef Intercept 0.66671  0.0020   
<0.0001 Indoor 0.95551 0.3809 0.0005 x x 
0.4986 Outdoor 2.32671 0.1177 0.0126 x x 
 School 
related 
     
 Transit      
ln Ag Intercept -3.35411  <.0001   
0.0007 Indoor 9.44430 0.2442 0.0064 x - 
0.4645 Outdoor 37.39159 0.0470 0.1354 x - 
 School 
related 
     
 Transit 16.57147 0.1733 0.0067 x - 
ln Al Intercept No 
predictors 
    
ln As Intercept NA     
ln Be Intercept NA     
ln Ca Intercept 3.82335  <.0001   
0.0003 Indoor 0.00736 0.1967 0.0002 x - 
0.4440 Outdoor      
 School 
related 
0.03297 0.2473 0.0015 x - 
 Transit      
ln Cd Intercept -1.63702  <.0001   
0.0781 Indoor 1.88033 0.1032 0.0781 x - 
0.1032 Outdoor      
 School 
related 
     
 Transit      
ln Co Intercept -0.89443  <.0001   
<0.0001 Indoor 1.17766 0.5680 <.0001 x x 
0.7281 Outdoor      
 School 
related 
0.88059 0.1601 0.0004 x x 
| Transit      
ln Cr Intercept NA     
ln Cs Intercept -5.19088  <.0001   
0.0004 Indoor 90.32466 0.3725 0.0130 x - 
0.4832 Outdoor      
 School 
related 
51.48896 0.0524 0.1097   
 Transit -321.31133 0.0583 0.0660   
ln Cu Intercept 2.81318  <0.0001   
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NA Indoor No 
predictors 
    
 Outdoor      
 School 
related 
     
 Transit      
ln Fe Intercept 4.98682  <.0001   
0.0024 Indoor      
0.3506 Outdoor      
 School 
related 
0.01718 0.0822 0.0702 x - 
 Transit 0.00054696 0.2684 0.0010 x - 
ln K Intercept 4.00880  <.0001   
<0.0001 Indoor 0.01007 0.6031 <.0001 x x 
0.6897 Outdoor      
 School 
related 
     
 Transit -0.02465 0.0866 0.0093   
ln La Intercept -1.35980  <.0001   
0.0045 Indoor 0.98107 0.1569 0.0197 x - 
0.3785 Outdoor 2.76156 0.0650 0.1045 x - 
 School 
related 
1.68227 0.1566 0.0098 x - 
 Transit      
ln Mg Intercept 2.59747  <.0001   
0.0009 Indoor  0.1150 0.0299 x x 
0.6275 Outdoor  0.2553 0.0601 x - 
 School 
related 
 0.1289 0.0055 x - 
 Transit  0.1282 0.1086 x x 
ln Mn Intercept 1.07523  <.0001   
0.0019 Indoor      
0.3615 Outdoor      
 School 
related 
0.37328 0.0726 0.0852 - - 
 Transit 0.04288 0.2888 0.0007 x x 
ln Mo Intercept NA     
ln Na Intercept 3.72518  <.0001   
0.0021 Indoor 0.00480 0.0700 0.0680 x - 
0.9546 Outdoor      
 School 
related 
0.01964 0.8845 0.0017 x x 
 Transit      
ln Ni Intercept 2.45300  <.0001   
0.0646 Indoor 0.04157 0.0993 0.0924 x x 





0.06374 0.0785 0.1133 x x 
 Transit      
ln Pb Intercept 1.21736  <.0001   
<0.0001 Indoor 0.00977 0.0983 0.0010 x x 
0.7785 Outdoor 1.20418 0.6618 .0001 - - 
 School 
related 
0.09186 0.0184 0.1456 - x 
 Transit      
ln PM2.5 Intercept 2.50807  <.0001   
<0.0001 Indoor 0.02904 0.4040 <.0001 x - 
0.4040 Outdoor      
 School 
related 
     
 Transit      
ln Pt Intercept -7.60935  <.0001   
0.0040 Indoor 529.35022 0.2047 0.0133 x x 
0.3256 Outdoor      
 School 
related 
662.24794 0.1209 0.0332 x - 
 Transit      
ln S Intercept 5.97027  <.0001   
0.0004 Indoor 0.00087969 0.1587 0.0324 x x 
0.4859 Outdoor 0.00292 0.0501 0.1165 - x 
 School 
related 
0.00081673 0.2772 0.0129 x x 
 Transit      
ln Sb Intercept -0.73804  <.0001   
<0.0001 Indoor      
0.8416 Outdoor 6.40030 0.7819 <.0001 x x 
 School 
related 
1.22394 0.0597 0.0334 - x 
 Transit      
ln Sc Intercept None     
NA Indoor      
 Outdoor      
 School 
related 
     
 Transit      
ln Se Intercept NA     
ln Sn Intercept -0.65131  <.0001   
<0.0001 Indoor 1.00991 0.5267 <.0001 x x 
0.7241 Outdoor      
 School 
related 
1.00483 0.1974 .0001 x x 
 Transit      
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ln Ti Intercept 0.87375  <.0001   
0.0055 Indoor 0.12314 0.1069 0.0464 x - 
0.3108 Outdoor      
 School 
related 
0.75302 0.2039 0.0018 x - 
 Transit      
ln Tl Intercept -4.86724  <.0001   
<0.0001 Indoor 43.31522 0.5956 0.0012 x x 
0.7490 Outdoor 100.08615 0.0390 0.0817 x - 
 School 
related 
42.93123 0.0787 0.0328 x x 
 Transit -2444.79110 0.0358 0.1066 x - 
ln V Intercept 0.73088  <.0001   
<0.0001 Indoor  0.5611 <.0001 x x 
0.7400 Outdoor  0.0655 0.0147 x - 
 School 
related 
 0.1133 0.0018 x x 
 Transit      
ln Zn Intercept 3.32184  <.0001   
<0.0001 Indoor 0.00341 0.5129 <.0001 - x 
0.6140 Outdoor 0.12298 0.1011 0.0114 - x 
 School 
related 
     
 Transit      

















Abs_coef Intercept 0.6127  0.0005   
0.0036 Indoor 0.52930 0.2010 0.0122 x - 
0.3310 Outdoor 1.18058 0.1299 0.0271 x - 
 School 
related 
     
 Transit      
ln Ag Intercept -3.49989  <.0001   
0.0062 Indoor 9.88352 0.1364 0.0363 x - 
0.3846 Outdoor 73.57181 0.1582 0.0130 x - 
 School 
related 
28.92802 0.0900 0.0674 x x 
 Transit      
ln Al Intercept 3.55494  <.0001   
0.0003 Indoor 0.01439 0.1343 0.0036 x - 
0.5173 Outdoor 0.04301 0.1878 0.0045 x - 
 School 
related 
0.03292 0.1952 0.0003 x x 
 Transit      
ln As Intercept -1.55917  <.0001   
0.0002 Indoor 1.25805 0.0960 0.0310 x x 
0.5406 Outdoor 4.25847 0.2763 0.0044 x - 
 School 
related 
1.31685 0.1682 0.0147 x - 
 Transit      
ln Be Intercept -7.02403  <.0001   
0.0201 Indoor 702.25871 0.2221 0.0201 x - 
0.2221 Outdoor      
 School 
related 
     
 Transit      
ln Ca Intercept 4.61860  <.0001   
0.0104 Indoor      
0.2959 Outdoor 0.03430 0.1115 0.0528 x - 
 School 
related 
0.02912 0.1844 0.0201 x x 
 Transit      
ln Cd Intercept -2.54480  <.0001   
<0.0001 Indoor 5.53371 0.5144 <.0001 x x 
0.6562 Outdoor      
 School 
related 
4.48790 0.1417 0.0030 x  
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 Transit     x 
ln Co Intercept -3.00226  <.0001   
0.0031 Indoor 6.18361 0.0848 0.0674 - - 
0.4205 Outdoor 14.24156 0.1609 0.0088 x - 
 School 
related 
7.67496 0.1748 0.0045 x - 
| Transit      
ln Cr Intercept -0.25703  0.2836   
0.0869 Indoor 0.32908 0.0834 0.1178 x - 
0.1713 Outdoor      
 School 
related 
0.65068 0.0879 0.0805 x - 
 Transit      
ln Cs Intercept -6.14264  <.0001   
0.0030 Indoor 187.94863 0.0757 0.0858 x - 
0.4342 Outdoor 611.20319 0.1897 0.0130 x x 
 School 
related 
583.59565 0.1688 0.0042 x x 
 Transit      
ln Cu Intercept 1.15697  <.0001   
0.0708 Indoor      
0.1843 Outdoor 0.52568 0.1065 0.0466 x x 
 School 
related 
0.15384 0.0777 0.1275 x x 
 Transit      
ln Fe Intercept 3.86365  <.0001   
0.0016 Indoor 0.00659 0.0610 0.1081 x - 
0.4511 Outdoor 0.02683 0.2109 0.0017 x x 
 School 
related 
0.01005 0.1792 0.0038 x - 
 Transit      
ln K Intercept 3.47623  <.0001   
<0.0001 Indoor 0.00579 0.4316 <.0001 x x 
0.6672 Outdoor 0.04249 0.1285 0.0047 x x 
 School 
related 
0.02343 0.1071 0.0026 x x 
 Transit      
ln La Intercept -1.87232  <.0001   
0.0258 Indoor 1.90724 0.0727 0.1184   
0.3053 Outdoor 4.76483 0.1151 0.0645   
 School 
related 
3.70895 0.1175 0.0079   
 Transit      
ln Mg Intercept 2.85610  <.0001   
<0.0001 Indoor  0.1839 0.0016 x - 





 0.1969 0.0011 x - 
 Transit      
ln Mn Intercept 0.30627  0.0746   
0.0002 Indoor 0.21499 0.1743 0.0066 x x 
0.5338 Outdoor 0.53398 0.1451 0.0098 x x 
 School 
related 
0.33949 0.2144 0.0009 x x 
 Transit      
ln Mo Intercept -2.00694  <.0001   
<0.0001 Indoor  0.4892 <.0001 x x 
0.7141 Outdoor  0.0846 0.0117 x - 
 School 
related 
 0.1403 0.0007 x x 
 Transit      
ln Na Intercept 4.57249  <.0001   
<0.0001 Indoor 0.00333 0.3353 <.0001 x x 
0.6732 Outdoor 0.00572 0.1529 0.0022 x x 
 School 
related 
0.00381 0.1850 0.0006 x x 
 Transit      
ln Ni Intercept 2.35519  <.0001   
0.0626 Indoor      
0.1226 Outdoor 0.18844 0.1226 0.0626 x - 
 School 
related 
     
 Transit      
ln Pb Intercept 1.27099  <.0001   
<0.0001 Indoor 0.06277 0.8352 <.0001 x x 
0.8678 Outdoor 0.22472 0.0326 0.0061 x x 
 School 
related 
0.05020 0.0125 0.1193 - - 
 Transit      
ln PM2.5 Intercept 2.27045  <.0001   
0.0026 Indoor 0.02520 0.2201 0.0222 x x 
0.3462 Outdoor 0.10162 0.1261 0.0276 x - 
 School 
related 
     




ln Pt Intercept -6.80741  <.0001   
0.0028 Indoor 205.07396 0.0587 0.1227 x - 
0.3666 Outdoor 916.14144 0.2843 0.0025 x - 
 School 
related 
231.4649 0.0822 0.0555 x - 
 Transit      
ln S Intercept 5.41841  <.0001   
<0.0001 Indoor 0.00125 0.5213 <.0001 x x 
0.9001 Outdoor 0.00141 0.1631 <.0001 x - 
 School 
related 
0.00113 0.2157 <.0001 x x 
 Transit      
ln Sb Intercept -0.92140  <.0001   
<0.0001 Indoor 0.88311 0.3560 0.0001 x x 
0.6746 Outdoor 1.20933 0.2085 0.0004 x - 
 School 
related 
0.50113 0.1102 0.0075 x x 
 Transit      
ln Sc Intercept -5.62268  <.0001   
0.0001 Indoor 105.77371 0.0968 0.0278 x - 
0.5569 Outdoor 381.71935 0.2302 0.0017 x - 
 School 
related 
268.27923 0.2299 0.0002 x - 
 Transit      
ln Se Intercept -1.34025  <0.0001   
<0.0001 Indoor 0.90868 0.4707 <.0001 x x 
0.7304 Outdoor 1.14579 0.1169 0.0030 x - 
 School 
related 
0.54747 0.1429 0.0008 x - 
 Transit      
ln Sn Intercept 0.45644  0.0008   
<0.0001 Indoor 0.17920 0.4843 <.0001 x x 
0.7434 Outdoor 0.36605 0.1151 0.0026 x - 
 School 
related 
0.14384 0.1440 0.0005 x x 
 Transit      
ln Ti Intercept 1.66145  <.0001   
0.0087 Indoor 0.08417 0.1211 0.0428 x - 
 Outdoor      
 School 
related 
0.11966 0.1848 0.0131 x - 




ln Tl Intercept -6.15342  <.0001   
<0.0001 Indoor 139.09430 0.6321 <.0001 x x 
0.7726 Outdoor 181.13409 0.0441 0.0372 x - 
 School 
related 
90.28371 0.0965 0.0077 x x 
 Transit      
ln V Intercept 0.29871  0.0506   
<0.0001 Indoor 0.22271 0.5171 <.0001 x x 
0.7792 Outdoor 0.29356 0.0913 0.0036 x x 
 School 
related 
0.18618 0.1709 <.0001 x x 
 Transit      
ln Zn Intercept 2.58938  <.0001   
<0.0001 Indoor 0.00293 0.2422 0.0029 - x 
0.6705 Outdoor 0.07019 0.1337 0.0039 - x 
 School 
related 
0.06468 0.2947 <.0001 x x 
 Transit      

















ln Abs_coef Intercept No predictors     
ln Ag Intercept -2.75012  <.0001   
<0.0001 Indoor 9.07095 0.5063 0.0059 x x 
0.6020 Outdoor      
 School 
related 
4.43806 0.0957 0.0403 - x 
 Transit      
ln Al Intercept 4.71782  <.0001   
0.0534 Indoor      
0.1663 Outdoor 0.08505 0.1663 0.0534 x - 
 School 
related 
     
 Transit      
ln As Intercept -2.44017  <.0001   
<0.0001 Indoor 4.59895 0.4091 <.0001 x x 
0.6580 Outdoor      
 School 
related 
2.57062 0.2489 0.0020 x x 
 Transit      
ln Be Intercept -6.26406  <.0001   
0.0879 Indoor      
0.1456 Outdoor  0.1456 0.0879 - - 
 School 
related 
     
 Transit      
ln Ca Intercept No predictors     
ln Cd Intercept -1.35141  <.0001   
0.0954 Indoor 0.95653 0.1268 0.0954 x x 
0.1268 Outdoor      
 School 
related 
     
 Transit      
ln Co Intercept      
<0.0001 Indoor  0.2595 0.0003 x x 
0.7753 Outdoor      
 School 
related 
 0.4867 0.0003 - - 
| Transit  0.0292 0.1437 x x 
ln Cr Intercept No predictors     
NA Indoor      
ln Cs Intercept -5.94497  <.0001   
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<0.0001 Indoor 394.65423 0.6236 <.0001 x - 
0.6236 Outdoor      
 School 
related 
     
 Transit      
ln Cu Intercept 0.61456  0.1677   
<0.0001 Indoor 0.60166 0.4219 0.0011 x x 
0.4219 Outdoor      
 School 
related 
     
 Transit      
ln Fe Intercept 3.94875  <.0001   
0.0088 Indoor      
0.3038 Outdoor 0.02945 0.0755 0.0769 x - 
 School 
related 
0.01059 0.1146 0.0507 x - 
 Transit      
ln K Intercept 3.92426  <.0001   
0.0167 Indoor 0.01101 0.2661 0.0167 x - 
0.2661 Outdoor      
 School 
related 
     
 Transit      
ln La Intercept -1.51984  0.0002   
0.0256 Indoor      
0.2155 Outdoor      
 School 
related 
6.06160 0.2155 0.0256 x - 
 Transit      
ln Mg Intercept No predictors     
 Transit      
ln Mn Intercept No predictors     
ln Mo Intercept NA     
ln Na Intercept 4.49976  <.0001   
0.0055 Indoor      
0.3260 Outdoor      
 School 
related 
0.00515 0.3260 0.0055 x - 
 Transit      
ln Ni Intercept No predictors     
ln Pb Intercept 1.25798  <.0001   
0.0010 Indoor 0.01531 0.3884 0.0044 - - 
0.4972 Outdoor      
 School 
related 
0.14527 0.1088 0.0506 - - 
 Transit      
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ln PM2.5 Intercept 1.83425  <.0001   
0.0023 Indoor 0.02074 0.2865 0.0095 x - 
0.5261 Outdoor 0.25085 0.1090 0.0502 x - 
 School 
related 
0.10300 0.1305 0.0358 x - 
 Transit      
ln Pt Intercept -6.83875  <.0001   
0.0615 Indoor      
0.6241 Outdoor 4868.14345 0.6241 0.0615 - - 
 School 
related 
     
 Transit      
ln S Intercept 5.66866  <.0001   
<0.0001 Indoor 0.00094013 0.7907 0.0026 x - 
0.8527 Outdoor      
 School 
related 
0.00091894 0.0620 0.0088 x x 
 Transit      
ln Sb Intercept -100633  <0.0001   
<0.0001 Indoor 0.73492 0.5414 <.0001 x x 
0.8781 Outdoor 1.15585 0.0154 0.1378 x - 
 School 
related 
0.87973 0.3213 <.0001 x x 
 Transit      
ln Sc Intercept -4.61280  <.0001   
0.1394 Indoor      
0.1059 Outdoor 647.08176 0.1059 0.1394 x - 
 School 
related 
     
 Transit      
ln Se Intercept -0.90716  0.0014   
0.0005 Indoor 0.84754 0.4597 0.0235 x x 
0.5497 Outdoor      
 School 
related 
0.43083 0.0900 0.0662 x x 
 Transit      
ln Sn Intercept 0.57011  0.0090   
0.0006 Indoor 0.05087 0.1065 0.0470 x x 
0.5248 Outdoor      
 School 
related 
0.16991 0.4183 0.0095 x x 
 Transit      
ln Ti Intercept 2.27665  <.0001   
0.0133 Indoor      
0.2818 Outdoor 0.10426 0.2818 0.0133 - - 




 Transit      
ln Tl Intercept -6.05252  0.0022   
0.0103 Indoor      
0.9997 Outdoor      
 School 
related 
256.74396 0.9997 0.0103 x - 
 Transit      
ln V Intercept -0.23890  0.0352   
<0.0001 Indoor 0.37984 0.7605 0.0004 x x 
0.8791 Outdoor      
 School 
related 
0.34742 0.1187 0.0004 x x 
 Transit      
ln Zn Intercept No predictors     





Table 6A-D.  Quantile regression results: Predictors and adjusted R1s by city and season. 





Adjusted R1 95% CI 
Abs_coef Intercept 0.600   
 Indoor .384 .388 .519, 168 
 Outdoor .9758 .431 -.080, 2.062 
Ag Intercept 0.004   
 Indoor 0.899 0.371 -.048, 1.365 
 Outdoor 1.869 .370 -.118, 10.050 
 School related -10.597 .367 -inf, inf 
 Transit 3.226 0.240 1.261, 4.681 
Al Intercept 27.089   
 Indoor 0.559 0.144 -.124, 1.188 
 School related 6.530 0.161 -inf, inf 
 Transit 0.309 0.032 .074, .948 
As Intercept 0.177   
 Indoor 0.550 0.187 .389, 1.023 
 Transit 1.162 0.312 .352, 1.355 
Be Intercept 0.001   
 Indoor 0.663 0.095 -.362, 1.052 
Ca Intercept 30.059   
 Indoor 0.660 0.072 .253, .914 
 Transit 1.211 0.106 -.056, 2.368 
Cd Intercept 0.055   
 Indoor 0.695 0.162 .643, 1.196 
 Transit 4.636 0.208 .563, 6.118 
Co Intercept 0.110   
 Indoor 1.030 0.441 .784, 1.100 
Cr Intercept .521   
 Transit .403 0.446 .370, .853 
Cs Intercept 0.0002   
 Indoor 1.167 0.241 .207, 1.678 
 Outdoor 1.264 0.242 -.3648, 3.5270 
 School related 5.090 0.251 -inf, inf 
Cu Intercept 4.405   
 Transit .623 0.2913 .3798, .9982 
Fe Intercept 121.242   
 Transit .465 0.4501 .4390, 07927 
K Intercept 21.116  11.406, 31.2787 
 Indoor 0.820 .3318 .1629, .9286 
 Outdoor 0.603 .4355 .0252, 2.9213 
 School related 6.532 .4259 -inf, inf 
 Transit -0.595 .4360 -1.7083, 0.5467 
La Intercept 0.311   
 Indoor 0.437 0.0706 .2231, .9289 
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Mg Intercept 25.184   
 Outdoor 0.311 0.0233 -1.7389, 10.9861 
Mn Intercept .563   
 Indoor .996 .4811 .1878, 1.7230 
 Transit .577 .4655 .4263, .7764 
Mo Intercept NA   
Na Intercept 64.338   
 Indoor 0.541 .1671 .0518, 1.3344 
Ni Intercept 3.2812   
 Indoor .8573 0.0575 .3175, 2.3043 
Pb Intercept None   
PM2.5 Intercept -1.1887   
 Indoor 1.2939 0.5718 .6138, 1.4264 
 Outdoor 1.0104 0.6196 .6619, 2.7573 
 School related 11.1675 0.5988 -inf, inf 
 Transit 0.3807 0.5998 .2444, 1.0264 
Pt Intercept .0002   
 Indoor 1.0683 0.2799 .5206, 1.5616 
 Outdoor 1.0333 0.3011 .2009, 4.0126 
S Intercept 379.1444   
 Indoor 0.8054 0.4331 .5240, 1.0444 
Sb Intercept None   
Sc Intercept 0.0012   
 Indoor 0.6412 0.0929 .0062, 1.0460 
 Outdoor 1.2663 0.1057 -1.9925, 3.7295 
 Transit 0.8543 0.1541  
Se Intercept 0.1668   
 Indoor 0.7786 0.2050 .4606, 1.1740 
 Transit -1.778102 0.2077 -3.8518, 2.4036 
Sn Intercept 0.1248   
 Indoor 1.1873 0.5998 -inf, inf 
 Transit 0.3035 0.6010 -.1104, .6790 
Ti Intercept 0.9896   
 Indoor 0.8475 0.1300 .3548, 1.3206 
 Outdoor 1.1048 0.1536 -.1890, 3.6842 
 Transit 0.720707 0.1355  
Tl Intercept -0.000011478   
 Indoor 1.112534 0.3896 .7929, 1.3244 
 Outdoor 1.727345 0.4078 -.5567, 4.8155 




V Intercept 0.590624   
 Indoor 0.604309 0.3246 .2362, .9490 
 Outdoor 2.186000 0.3763 .1016, .9813 
 School related 4.899781 0.4850 -inf, inf 
 Transit 3.068908 0.4346 -.1761, 4.0474 
Zn Intercept 9.566182   
 Indoor 0.757712 0.4521 -.2319, 1.6254 










Adjusted R1 95% CI 
Abs_coef Intercept .7662   
 Indoor .8877 .1926 .5045, 1.6710 
 Outdoor 1.7436 .2845 1.1781, 6.8972 
 School related    
 Transit    
Ag Intercept .0038   
 Indoor 0.8424 0.0270 .1045, 2.1372 
 Outdoor 2.6981 0.1242 -9.4091, 6.5890 
 School related 1.0442 0.1574 -1.7584, 2.6290 
 Transit 1.1543 0.1242 .2683, 2.6203 
Al Intercept -12.4757   
 Indoor 5.6277 0.2618 -inf , inf 
 Outdoor    
 School related    
 Transit    
As Intercept NA   
Be Intercept NA   
Ca Intercept 37.9233   
 Indoor 1.1970 0.1966 -1.635, 6.0638 
 Outdoor    
 School related 3.1763 0.0502 1.1262, 5.0879 
 Transit -1.2889 0.2241 -2.7917, 0.4695 
Cd Intercept 0.1042   
 Indoor 0.6823 0.1596 .3204, 1.6585 
 Outdoor    
 School related 0.9227 0.0485 .5875, 1.3755 
 Transit    
Co Intercept 0.119829   
 Indoor 0.9970 0.2485 .6397, 1.4953 
 Outdoor 0.9095 0.4704 -.8366, 2.4524 
 School related 1.1767 0.4674 .2571, 1.7078 
 Transit    
Cr Intercept NA   
Cs Intercept 0.002671   
 Indoor 0.8444 0.1767 .421, 1.6348 
 Outdoor    
 School related 0.8053 0.3260 .0881, 1.0676 
 Transit    
Cu Intercept 6.7812   
 Indoor 0.7057 0.0043 -.0808, 1.7602 
 Outdoor    
 School related    
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 Transit    
Fe Intercept 307.0658   
 Indoor -3.7835 0.2334 -8.912, -0.6138 
 Outdoor    
 School related    
 Transit 0.2596 0.2178 .1365, .4008 
K Intercept 51.2411   
 Indoor 0.938441 0.2522 .2242, 1.0884 
 Outdoor    
 School related    
 Transit -1.2833 0.2679 -2.1756, 0.6963 
La Intercept 0.0740   
 Indoor 0.4250 0.1706 .0665, 1.8042 
 Outdoor 2.4912 0.2051 -1.0522, 4.1474 
 School related 1.2577 0.0469 -.0520, 1.6808 
 Transit    
Mg Intercept 7.7411   
 Indoor 0.5437 0.1981 .3044, 1.1213 
 Outdoor 2.5682 0.3890 1.1049, 4.7866 
 School related 1.6070 0.0180 1.3276, 2.5005 
 Transit -0.5591 0.4034 -.6268, .4585 
Mn Intercept 3.1610   
 Indoor    
 Outdoor    
 School related    
 Transit 0.3081 0.2398 .1894, .4217 
Mo Intercept NA   
Na Intercept 44.5721  20.6480, 
121.0113 
 Indoor 1.2258 .1671 -.3565, 2.2729 
 Outdoor    
 School related    
 Transit    
Ni Intercept 1.9198   
 Indoor 1.2227 0.0689 .9150, 2.1108 
 Outdoor    
 School related 1.9028 0.0140 .7057, 2.9915 
 Transit    
Pb Intercept 1.7104   
 Indoor 0.8773 0.5920 -inf, inf 
 Outdoor    
 School related 0.9587 0.6107 .4460, 1.6587 
 Transit    
PM2.5 Intercept 7.0165   
 Indoor 0.6109 0.2351 .3159, .8999 
 Outdoor 1.4377 0.2745 -2.7411, 2.8830 
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 School related 0.7133 0.2708 -.3231, .9863 
 Transit    
Pt Intercept NA   
S Intercept NA   
Sb Intercept -0.0642   
 Indoor 1.0867 0.8281 1.0496, 1.1289 
 Outdoor 4.4422 0.8383 -.2373, 7.5929 
 School related 1.2268 0.8378 -.2947, 1.4953 
 Transit    
Sc Intercept NA   
Se Intercept NA   
Sn Intercept 0.2747   
 Indoor 1.1491 0.3023 .6839, 2.3752 
 Outdoor    
 School related 1.4027 0.4733 .4689, 2.5441 
 Transit    
Ti Intercept 1.3253   
 Indoor 0.5500 0.1589 -.2873, 1.1075 
 Outdoor    
 School related 4.024 0.1251 1.5035, 5.6953 
 Transit    
Tl Intercept 0.0039   
 Indoor 0.8187 0.3321 0.1486, .9332 
 Outdoor 0.7466 0.4984 -1.8008, 4.2337 
 School related 0.6825 0.4964 .5742, 1.4153 
 Transit    
V Intercept 0.7052  1.0176, 2.336 
 Indoor 1.0505 0.2520 .7054, 1.5755 
 Outdoor 2.1954 0.3650 .7887, 4.0549 
 School related 0.7086 0.4285 -.0080, 1.3926 
 Transit    
Zn Intercept 9.9791   
 Indoor 0.7615 0.6677 -inf, inf 
 Outdoor 1.5078 0.7054 -.3420, 13.0170 
 School related 1.5388 0.7044 -.3420, 13.0170 










Adjusted R1 95% CI 
Abs_coef Intercept .6465   
 Indoor .4642 .1901  
 Outdoor 1.2163 .1003 .2519, .7530 
 School related .2513 .2001 -.7652, .7405 
 Transit    
Ag Intercept 0.0002   
 Indoor 1.1705 0.1134 -.0113, .0259 
 Outdoor 5.1138 0.1950 .0095, 2.3337 
 School related 2.2509 0.1413 .4373, 5.4463 
 Transit    
Al Intercept -18.9536  -142, 46,8841 
 Indoor 1.5957 0.1072 -.2899, 4.0954 
 Outdoor 4.0682 0.2000 1.7688, 17.519 
 School related 4.5421 0.0909 1.5700, 8.55 
 Transit    
As Intercept 0.1396  .0343, .2533 
 Indoor 0.6137 0.1457 -.1013, .9561 
 Outdoor 1.6471 0.2334 .6238, 2.4129 
 School related 0.6679 0.3472 .1952, 1.4070 
 Transit    
Be Intercept 0.0008   
 Indoor    
 Outdoor 7.1079 0.1736 .8200, 13.0790 
 School related 1.5675 0.3734 1.411, 9794 
 Transit    
Ca Intercept 79.9337   
 Indoor    
 Outdoor 5.6830 0.1263 2.235, 22.13 
 School related 4.6553 0.0587 .7711, 10.99 
 Transit    
Cd Intercept 0.0563   
 Indoor 0.8211 0.3299 .3254, 2.2858 
 Outdoor 1.0547 0.4021 -3.399, 2.189 
 School related 0.7072 0.4019 .3675, 1.8734 
 Transit    
Co Intercept 0.047243   
 Indoor 0.346779 0.2495 -.3934, 1.0263 
 Outdoor 1.354632 0.2420 0.4755, 3.5993 
 School related 0.611229 0.1178 .4733, 1.5578 
 Transit    
Cr Intercept 0.3080   
 Indoor 0.600434 0.0748 .0609, 1.1608 
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 Outdoor 2.048179 0.0393 .2778, 2.7836 
 School related 1.050538 0.0140 .2525, 1.6733 
 Transit    
Cs Intercept 0.002092   
 Indoor    
 Outdoor 3.198939 0.1911 -.2073, 7.1804 
 School related 4.094771 0.1321 1.3308, 6.5930 
 Transit    
Cu Intercept 3.795361   
 Indoor    
 Outdoor 2.431223 0.0226 -1.8872, 3.3832 
 School related    
 Transit    
Fe Intercept 15.694747   
 Indoor    
 Outdoor 3.763683 0.0509 -.5886, 4.5469 
 School related 1.148610 0.1333 .0471, 2.7050 
 Transit    
K Intercept 14.487767   
 Indoor 0.619148 0.1971 .2331, 1.5046 
 Outdoor 2.357592 0.3243 .9309, 8.2068 
 School related 1.172202 0.2339 .7084, 4.4906 
 Transit    
La Intercept 0.064100   
 Indoor 0.645806 0.0548 .0697, 2.2607 
 Outdoor 1.520961 0.0310 .2454, 5.7013 
 School related 0.890139 0.0211 .4103, 4.3463 
 Transit    
Mg Intercept 4.696465   
 Indoor 0.817922 0.2044 .5324, 1.3059 
 Outdoor 2.400251 0.3703 .5408, 4.1823 
 School related 1.517236 0.0571 1.0068, 2.3648 
 Transit    
Mn Intercept 0.829431   
 Indoor 0.668368 0.1066 .0427, .8799 
 Outdoor 1.777699 0.2376 .0046, 4.4854 
 School related 0.785118 0.1992 .3885, 2.1045 
 Transit    
Mo Intercept 0.033531   
 Indoor 0.623803 0.3777 .6783, .9669 
 Outdoor 0.395022 0.5920 .1108, 1.6032 
 School related 0.698287 0.4681 .1656, 1.0553 
 Transit    
Na Intercept -17.050879   
 Indoor 0.972342 0.2297 .8520, 1.1261 
 Outdoor 1.664784 0.5138 1.1188, 1.1261 
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 School related 1.317467 0.3475 .5075, 1.6989 
 Transit    
Ni Intercept 8.523109   
 Indoor    
 Outdoor 4.473476 0.1188 -18.3771, 20.8110 
 School related    
 Transit    
Pb Intercept -2.479353   
 Indoor 2.234629 0.4441 -2.7570, 3.9516 
 Outdoor -1.120829 0.4863 -3.6163, 5.3486 
 School related 0.714333 0.4817 .1867, 2.1589 
 Transit    
PM2.5 Intercept 6.499832   
 Indoor 0.538418 0.1314 -.0947, 1.4531 
 Outdoor 1.600290 0.0674 -1.0120, 6.1711 
 School related 0.3027 0.1308 -1.6533, 1.9735 
 Transit    
Pt Intercept NA   
S Intercept NA   
Sb Intercept 0.332684   
 Indoor 0.466600 0.3520 .1230, 1.1041 
 Outdoor 1.944263 0.2670 -.7258, 4.5156 
 School related 0.456102 0.3783 -.0699, 1.3134 
 Transit    
Sc Intercept -0.002222   
 Indoor 1.268512 0.2279 -.1431, 3.4923 
 Outdoor 4.224692 0.1989 -.9512, 22.4711 
 School related 3.787511 0.0924 1.0978, 7.6811 
 Transit    
Se Intercept 0.004148   
 Indoor 0.710152 0.2939 .5981, 1.1653 
 Outdoor 1.385105 0.4882 -.5898, 2.8080 
 School related 0.775827 0.4002 .2660, 1.1571 
 Transit    
Sn Intercept 0.671899   
 Indoor 0.776773 0.3955 .5976, 1.4307 
 Outdoor 1.586169 0.4212 .2046, 2.2903 
 School related 0.529707 0.5248 .1612, 1.1672 
 Transit    
Ti Intercept 2.847254   
 Indoor 0.880476 0.1868 -.4034, 2.995 
 Outdoor    
 School related 1.044689 0.1393 .8232, 5.4858 
 Transit    
Tl Intercept 0.000876   
 Indoor 0.692750 0.4363 .6286, .9404 
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 Outdoor 1.521591 0.6371 .6056, 2.3937 
 School related 1.047504 0.5095 .3219, 1.4057 
 Transit    
V Intercept 0.164555   
 Indoor 1.121345 0.3113 .8217, 1.2532 
 Outdoor    
 School related 0.956912 0.4980 .2566, 1.4621 
 Transit    
Zn Intercept 8.124653   
 Indoor 0.162947 0.3289 -inf, inf 
 Outdoor 1.733768 0.3792 .2715, 2.6039 
 School related 1.849575 0.1432 1.0646, 2.4316 















Abs_coef Intercept None selected   
(NA) Indoor    
Ag Intercept 0.03   
(.3766) Indoor 1.6 0.37 (-.59, 4.2) 
 Outdoor    
 School related 0.57 0.38 (-.94, 1.2) 
 Transit    
Al Intercept 99   
(.0635) Indoor    
 Outdoor 12 0.063 (1.1, 33) 
 School related    
 Transit    
As Intercept -0.39   
(.3576) Indoor 1.85 0.17 (.80, 3.1) 
 Outdoor 3.3 0.36 (-.48, 6.8) 
 School related 1.4 0.27 (.079, 1.86) 
 Transit    
Be Intercept 0.0013   
(.0504) Indoor 0.72 0.050 (-.85, 1.9) 
 Outdoor 8.2 0.040 (-8.3, 11) 
 School related    
 Transit    
Ca Intercept None selected   
Cd Intercept 0.26   
(.0243) Indoor 0.11 0.022 (-.30, 1.7) 
 Outdoor 0.72 0.024 (-3.3, 4.6) 
 School related    
 Transit    
Co Intercept -0.061   
(.5362) Indoor 0.39 0.53 (.47, 3.5) 
 Outdoor 0.098 0.54 (-.94, 6.3) 
 School related 0.56 0.33 (1.2, 2.3) 
 Transit    
Cr Intercept NA   
Cs Intercept 0.0024   
(.3206) Indoor 1.32 0.32 (0.038, 2.8) 
 Outdoor    
 School related 0.31 0.303 (-.04, 1.40) 
 Transit    
Cu Intercept -6.6   
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(.0197) Indoor 6.7 0.02 (1.2, 13) 
 Outdoor    
 School related    
 Transit    
Fe Intercept 120   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
K Intercept 37   
(.0305) Indoor 0.80 0.031 (.17, 3.1) 
 Outdoor    
 School related    
 Transit    
La Intercept 0.20   
(.0073) Indoor    
 Outdoor    
 School related 2.0 0.0073 -24, 10 
 Transit    
Mg Intercept None selected   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
Mn Intercept None selected   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
Mo Intercept None selected   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
Na Intercept 90.3   
(0.1455) Indoor    
 Outdoor    
 School related 0.76 0.15 -.094, 1.60 
 Transit    
Ni Intercept None selected   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
Pb Intercept 2.5   
(.2883) Indoor 0.18 0.29 -inf, inf 
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 Outdoor    
 School related 0.98 0.37 -.77, 1.2 
 Transit    
PM2.5 Intercept 3.6   
(.3453) Indoor 0.34 0.18 .19, 1.3 
 Outdoor 6.4 0.32 .46, 9.0 
 School related 0.84 0.35 -.56, 3.4 
 Transit    
Pt Intercept None selected   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
S Intercept None selected   
(NA) Indoor    
 Outdoor    
 School related    
 Transit    
Sb Intercept -0.23   
(.6154) Indoor 1.1 0.61 -1.8, 3.0 
 Outdoor 1.6 0.61 -.29, 3.8 
 School related 1.33 0.36 .19, 1.5 
 Transit    
Sc Intercept 0.011   
 Indoor    
 Outdoor    
 School related    
 Transit    
Se Intercept -0.066   
(.5279) Indoor 1.4 0.47 .53, 2.4 
 Outdoor    
 School related 0.81 0.53 -.45, .91 
 Transit    
Sn Intercept 0.625   
(.2853) Indoor 0.47 0.27 -inf, inf 
 Outdoor    
 School related 0.65 0.29 -.11, 1.4 
 Transit    
Ti Intercept 9.5   
(.2506) Indoor    
 Outdoor 2.1 0.26  
 School related    
 Transit    
Tl Intercept None selected   
 Indoor    
 Outdoor    
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 School related    
 Transit    
V Intercept -0.016   
(.7745) Indoor 1.4 0.64 .30, 1.6 
 Outdoor 0.56 0.78 -5.2, 3.9 
 School related 0.73 0.77 .47, 1.4 
 Transit    
Zn Intercept 21   
(.0540) Indoor 1.2 0.054 .48, 3.5 
 Outdoor    
 School related    









Outdoor analyte measured 
Spearman correlation coefficients (Bonferroni adjusted p-values) 
LA Fall PM Abs Ag Al As Be Ca Cd Co Cr Cs Cu 
Indoor: .61 .85 .65 .26 .82 .62 .30 .92 .82 .90 .48 .72 
Outdoor (<.001) (<.0001) (.0014) (1.0) (<.0001) (<.0001) (1.0) (<.0001) (<.0001) (<.0001) (.301) (<.0001) 
Outdoor: 
Background 
--- --- --- --- --- --- --- --- --- --- --- --- 
Indoor: 
Background 
--- --- --- --- --- --- --- --- --- --- --- --- 
School: .92 .94 .90 .84 .82 .83 .58 .92 .85 .71 .60 .75 
Outdoor (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (.016) (<.0001) (<.0001) (.0001) (.008) (<.0001) 
 Fe K La Mg Mn Mo Na Ni Pb Pt S Sb 
Indoor: .79 .90 .79 .75 .94 .91 .87 .38 .92 .80 .72 .95 
Outdoor (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (1.0) (<.0001) (<.0001) (<.0001) (<.0001) 
Outdoor: 
Background 
--- --- --- --- --- --- --- --- --- --- --- --- 
Indoor: 
Background 
--- --- --- --- --- --- --- --- --- --- --- --- 
School: .89 .90 .79 .75 .69 .82 .89 .56 .72 .69 .78 .90 
Outdoor (<.0001) (<.0001) (<.0001) (<.0001) (.002) (<.0001) (<.0001) (.029) (<.0001) (.002) (<.0001) (<.0001) 
 Sc Se Sn Ti Tl V Zn      
Indoor: .57 .87 .97 .76 .94 .97 .92      
Outdoor (.023) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) (<.0001) 
Outdoor: 
Background 
--- --- --- --- --- --- ---      
Indoor: 
Background 
--- --- --- --- --- --- ---      
School: .82 .81 .93 .81 .86 .98 .81      






Outdoor analyte measured 
Spearman correlation coefficients (Bonferroni adjusted p-values) 
LA Winter PM BC Ag Al As Be Ca Cd Co Cr Cs Cu 
Indoor: .40 .54 .63 .23 .22 .53 .68 .58 .81 .35 .74 .04 
Outdoor (1.00) (.297) (.042) (1.00) (1.00) (.378) (.020) (.131) (<.0001) (1.0) (.004) (1.0) 
Outdoor: .90 -.52 .37 .49 .62 .59 .44 .19 .20 -.07 .56 -.24 
Background (<.0001) (.424) (1.0) (.624) (.062) (.091) (1.0) (1.0) (1.0) (1.0) (.306) (1.0) 
Indoor: .44 -.29 .25 .42 .48 .50 .34 .61 .37 -.000 .69 -.11 
Background (1.0) (1.0) (1.0) (1.0) (.537) (.494) (1.0) (.069) (1.0) (1.0) (.009) (1.0) 
School: .90 .74 .70 .29 -.49 .43 .50 .13 .44 .43 .76 -.12 
Outdoor (<.0001) (<.001) (.004) (1.0) (1.0) (1.0) (.88) (1.0) (1.0) (1.0) (.002) (1.0) 
 Fe K La Mg Mn Mo Na Ni Pb Pt S Sb 
Indoor: .57 .32 .72 .03 .74 .62 .30 .44 .70 .07 .59 .82 
Outdoor (.464) (1.0) (.002) (1.0) (.002) (1.0) (1.0) (1.0) (.005) (1.0) (.094) (<.0001 
) 
Outdoor: .43 .17 .60 .21 .49 --- -.04 .25 -.15 .80 .69 .34 
Background (1.0) (1.0) (.080) (1.0) (1.0) (1.0) (1.0) (1.0) (.044) (.005) (1.0) 
Indoor: .61 .43 .73 -.16 .65 --- -.15 .32 .23 .80 .69 .46 
Background (.071) (1.0) (.002) (1.0) (.121) (1.0) (1.0) (1.0) (.044) (.005) (1.0) 
School: .37 .79 .50 .31 .26 -.12 .33 .26 .07 .26 .65 .44 
Outdoor (1.0) (.0003) (.629) (1.0) (1.0) (1.0) (1.0) (1.0) (1.0) (1.0) (.020) (1.0) 
 Sc Se Sn Ti Tl V Zn      
Indoor: .64 .75 .72 .72 .90 .75 .60      
Outdoor (.036) (.001) (.002) (.006) (1.0) (.001) (.076) 
Outdoor: .59 .25 -.33 .63 .77 .52 .23      
Background (.423) (1.0) (1.0) (.071) (.173) (.502) (1.0) 
Indoor: .74 .60 -.079 .68 .75 .78 .67      
Background (.010) (.060) (1.0) (.009) (.093) (.001) (.014) 
School: .23 .57 .52 .43 .82 .71 -.015      






Outdoor analyte measured 
Spearman correlation coefficients (Bonferroni adjusted p-values) 
NY Summer PM BC Ag Al As Be Ca Cd Co Cr Cs Cu 
Indoor: Outdoor .64 .76 .66 .14 .83 .48 .46 .58 .89 .41 .27 .61 
(.004) (<.0001) .001 (1.0) (<.0001) (1.0) (.283) (.012) (<.0001) (.590) (1.0) (.004) 
Outdoor: .63 .58 .77 .28 .73 .77 .53 .73 .30 .21 .34 .07 
Background (<.0006) (.0045) (<.0001) (1.0) (<.0001) (.0005) (.043) (<.0001) (1.0) (1.0) (1.0) (1.0) 
Indoor: .56 .52 .43 .22 .63 .37 .35 .46 .39 .17 .09 .39 
Background (.005) (.018) (.284) (1.0) (.0004) (1.0) (1.0) (.125) (.657) (1.0) (1.0) (.633) 
School: Outdoor .86 .65 .67 .56 .73 .67 .50 .73 .39 .31 .85 .57 
(<.0001) (.0003) (.0002) (.002) (<.0001) (.011) (.096) (<.0001) (.931) (1.0) (<.0001) (.011) 
 Fe K La Mg Mn Mo Na Ni Pb Pt S Sb 
Indoor: Outdoor .61 .37 .48 .28 .68 . .61 .67 .86 .52 .83 .81 
(.004) (1.0) (.174) (1.0) (.003) (.004) (.0005) (<.0001) (.060) (<.0001) (<.0001) 
Outdoor: .42 .24 -.05 .38 .30 . .58 .20 .56 .21 .82 .22 
Background (.515) (1.0) (1.0) (1.0) (1.0) (.009) (1.0) (.017) (1.0) (<.0001) (1.0) 
Indoor: .35 .08 .25 .12 .27 . .41 .32 .51 .29 .91 .10 
Background (1.0) (1.0) (1.0) (1.0) (1.0) (.002) (1.0) (.017) (1.0) (<.0001) (1.0) 
School: Outdoor .51 .33 .24 -.11 .51 . .59 .23 .59 .58 .85 .44 
(.071) (1.0) (1.0) (1.0) (.075) (.008) (1.0) (.007) (.008) (<.0001) (.039) 
 Sc Se Sn Ti Tl V Zn      
Indoor: Outdoor .23 .71 .38 .39 .36 .72 .89      
(1.0) (<.0001) (1.0) (1.0) (1.0) (<.0001) (<.0001) 
Outdoor: .42 .49 .08 .35 .10 .24 .34      
Background (.590) (.093) (1.0) (1.0) (1.0) (1.0) (1.0) 
Indoor: .49 .25 .08 .27 -.17 .34 .42      
Background (.055) (1.0) (1.0) (1.0) (1.0) (1.0) (.366) 
School: Outdoor .27 .72 .67 .56 .71 .56 .28      






Outdoor analyte measured 
Spearman correlation coefficients (Bonferroni adjusted p-values) 
NY Winter PM BC Ag Al As Be Ca Cd Co Cr Cs Cu 
Indoor: Outdoor .24 .88 .60 .24 . . .35 .70 .82 ND .54 .54 
(1.0) (<.0001) (.005) (1.0) (1.0) (<.0001) (<.0001) (.030) (.030) 
Outdoor: Background .83 .63 .43 -.36 . . .21 .55 .38  .78 .51 
(<.0001) (.012) (.408) (1.0) (1.0) (.022) (1.0) (<.0001) (.070) 
Indoor: Background .17 .65 .47 .68 . . -.15 .57 .48  .64 .25 
(1.0) (.006) (.150) (1.0) (1.0) (.008) (.106) (.006) (1.0) 
School: Outdoor .88 .72 .54 .43 . . .18 .52 .52  .22 .55 
(<.0001) (.001) (.033) (.394) (1.0) (.056) (.056) (1.0) (.027) 
 Fe K La Mg Mn Mo Na Ni Pb Pt S Sb 
Indoor: Outdoor .32 .27 .66 .42 .49 . .63 .81 .63 -.02 .57 .43 
(1.0) (1.0) (.004) (.558) (.110) (.233) (<.0001) (.001) (1.0) (.014) (.398) 
Outdoor: Background .52 .54 .21 .69 .79 . .69 .55 .57 .45 .67 .14 
(.052) (.035) (1.0) (.001) (<.0001) (.038) (.025) (.013) (.259) (.0003) (1.0) 
Indoor: Background .47 .45 .19 .33 .62 . .43 .58 .36 .36 .55 -.03 
(.146) (1.0) (1.0) (1.0) (.002) (.901) (.007) (1.0) (1.0) (.017) (1.0) 
School: Outdoor .47 .23 .05 .41 .61 . -.72 .44 .50 .46 .72 .48 
(.187) (1.0) (1.0) (1.0) (.003) (1.0) (.340) (.086) (.250) (<.0001) (.166) 
 Sc Se Sn Ti Tl V Zn      
Indoor: Outdoor .43 . .57 .04 .54 .74 .59      
(1.0) (.008) (1.0) (.154) (<.0001) (.007) 
Outdoor: Background --- . .75 .34 .43 .44 .44      
(<.0001) (1.0) (1.0) (.396) (.349) 
Indoor: Background --- . .54 .19 .51 .56 .42      
(.026) (1.0) (.049) (.015) (.449) 
School: Outdoor .43 . .75 .30 .17 .52 .34      
(.409) (<.0001) (1.0) (1.0) (.052) (1.0) 
 269 
 
Table 8. Personal exposure modeling: Effect of removal of time-adjusted indoor micro-environmental 
inputs on time-adjusted outdoor partial and model R2 by analyte, city and season. 
NY-Summer Indoor included Indoor removed 
Outcome 
measure 
Outdoor partial R2 Model R2 Model p- 
value 
Outdoor partial R2 Model R2 Model p- 
value 
Abs_coef .0987 .7126 <.0001 .1272 .1272 .033 
ln_Al ---- .3576 .0016 ---- .1462 .028 
ln_Sb ---- .1546 .0876 ---- ---- ---- 
ln_As ---- .5102 <.0001 ---- ---- ---- 
ln_Be ---- ---- ---- ---- ---- ---- 
ln_Cd ---- .3960 .0007 ---- .2443 .004 
ln_Ca .0673 .2732 .0291 ---- ---- ---- 
ln_Cs .1239 .5721 <.0001 ---- ---- ---- 
ln_Cr ---- .6122 <.0001 ---- .6134 <.0001 
ln_Co .0371 .7822 <.0001 .1215 .1215 .047 
ln_Cu ---- .5312 <.0001 ---- .4770 <.0001 
ln_Fe ---- .5958 <.0001 ---- .5523 <.0001 
ln_La ---- .1123 .0609 ---- ---- ---- 
ln_Pb ---- ---- ---- ---- ---- ---- 
ln_PM2.5 ---- .8376 <.0001 .0650 0650 .133 
ln_Mg ---- ---- ---- .2553 .5125 .003 
ln_Mn ---- .6591 <.0001 ---- .5946 <.0001 
ln_Mo ND ND ND ND ND ND 
ln_Ni ---- .2041 .0095 .0886 .0886 .104 
ln_Pt ---- .5296 <.0001 .1396 .1396 .032 
ln_K ---- .6389 <.0001 ---- ---- ---- 
ln_Sc .0789 .3423 .0112 ---- ---- ---- 
ln_Se .0500 .3685 .0013 .1739 .1739 .016 
ln_Ag ---- .5980 <.0001 ---- .3977 <.0001 
ln_Na .0722 .2187 .0279 .1187 .1187 .0496 
ln_S ---- .6215 <.0001 .0811 .0811 .1082 
ln_Tl ---- .5880 .0065 ---- ---- ---- 
ln_Sn ---- .7191 <.0001 ---- ---- ---- 
ln_Ti ---- .2219 .0065 ---- ---- ---- 
ln_V .0565 .7392 <.0001 .1765 .3333 .0023 




NY-Winter Indoor included Indoor removed 
Outcome 
measure 
Outdoor partial R2 Model R2 Model p- 
value 
Outdoor partial R2 Model R2 Model p- 
value 
Abs_coef .1177 .4986 <.0001 .2463 .2463 .003 
ln_Al ---- ---- ---- ---- ---- ---- 
ln_Sb .7819 .8416 <.0001 .7819 .8416 <.0001 
ln_As ND ND ND ND ND ND 
ln_Be ND ND ND ND ND ND 
ln_Cd ---- .1032 .0781 ---- ---- ---- 
ln_Ca ---- .4440 .0003 .0806 .2469 .0505 
ln_Cs ---- .4832 .0004 .1038 .4477 .0010 
ln_Cr ND ND ND ND ND ND 
ln_Co ---- .7281 <.0001 .2625 .4119 .0006 
ln_Cu ---- ---- ---- ---- ---- ---- 
ln_Fe ---- .3506 .0024 ---- .3509 .0024 
ln_La .0650 .3785 .0045 .1265 .2369 .0027 
ln_Pb .6618 .7785 <.0001 .6618 .6618 <.0001 
ln_PM2.5 ---- .4040 <.0001 ---- .0679 .1496 
ln_Mg .2553 .6275 .0009 .2553 .5125 .0029 
ln_Mn ---- .3615 .0019 ---- .3615 <.0001 
ln_Mo ND ND ND ND ND ND 
ln_Ni ---- .1778 .0646 ---- .0886 .1039 
ln_Pt ---- .3256 .0040 ---- .1573 .0272 
ln_K ---- .6897 <.0001 ---- .2733 .0026 
ln_Sc ND ND ND ND ND ND 
ln_Se ND ND ND ND ND ND 
ln_Ag .0470 .4645 .0007 ---- .2990 .0069 
ln_Na ---- .9546 .0021 ---- .8845 .0016 
ln_S .0501 .4859 .0004 .1119 ,3890 .0010 
ln_Tl .0390 .7490 <.0001 .0742 .5693 .0004 
ln_Sn ---- .7241 <.0001 ---- .4233 .0004 
ln_Ti ---- .3108 .0055 ---- .2039 .0108 
ln_V .0655 .7400 <.0001 .3173 .4219 .0005 




LA-Fall Indoor included Indoor removed 
Outcome 
measure 
Outdoor partial R2 Model R2 Model p- 
value 
Outdoor partial R2 Model R2 Model p- 
value 
Abs_coef .1299 .3310 .0036 .1566 .1566 .0250 
ln_Al .1878 .5173 .0003 .1281 .3391 .0037 
ln_Sb .2085 .6746 <.0001 .3112 .3891 .0050 
ln_As .2763 .5406 .0002 .2774 .4445 .0004 
ln_Be ---- .2221 .0201 .1983 .3523 .0055 
ln_Cd ---- .6562 <.0001 .2419 .4352 .0004 
ln_Ca .1115 .2959 .0104 .1127 .3112 .0065 
ln_Cs .1897 .4342 .0030 .1956 .3761 .0017 
ln_Cr ---- .1713 .0869 .0791 .1649 .0878 
ln_Co .1609 .4205 .0031 .1657 .3545 .0027 
ln_Cu .1065 .1843 .0708 .1059 .1845 .0616 
ln_Fe .2109 .4511 .0016 .2105 .3944 .0011 
ln_La .1151 .3053 .0258 .1215 .2547 .0189 
ln_Pb .0326 .8803 <.0001 .1842 .3311 .0044 
ln_PM2.5 .1261 .3462 .0026 .2105 .2105 .0083 
ln_Mg .1906 .5714 <.0001 .1842 .3511 .0029 
ln_Mn .1451 .5338 .0002 .1629 .3685 .0020 
ln_Mo .0846 .7141 <.0001 .2565 .4589 .0003 
ln_Ni .1226 .1226 .0626 .1272 .1272 .0530 
ln_Pt .2843 .4252 .0028 .2821 .3592 .0025 
ln_K .1285 .6672 <.0001 .1752 .3517 .0029 
ln_Sc .2302 .5569 .0001 .2303 .4761 .0002 
ln_Se .1169 .7304 <.0001 .2179 .3470 .0032 
ln_Ag .1582 .3846 .0062 .1574 .2590 .0175 
ln_Na .1529 .6732 <.0001 .1521 .3186 .0056 
ln_S .1631 .9001 <.0001 .1795 .3575 .0026 
ln_Tl .0441 .7726 <.0001 .4378 .5256 <.0001 
ln_Sn .1151 .7434 <.0001 .2740 .4262 .0006 
ln_Ti ---- .3059 .0087 .0862 .2806 .0017 
ln_V .0913 .7792 <.0001 .2523 .4486 .0004 




LA-Winter Indoor included Indoor removed 
Outcome 
measure 
Outdoor partial R2 Model R2 Model p- 
value 
Outdoor partial R2 Model R2 Model p- 
value 
Abs_coef ---- ---- ---- ---- ---- ---- 
ln_Al .1663 .1663 .0534 .1663 .1663 .0534 
ln_Sb .0154 .8781 <.0001 ---- .5305 <.0001 
ln_As ---- .6580 <.0001 ---- .1534 .0791 
ln_Be .1456 .1456 .0879 .1480 .1480 .0770 
ln_Cd ---- .1268 .0954 ---- ---- ---- 
ln_Ca ---- ---- ---- ---- ---- ---- 
ln_Cs ---- .6239 <.0001 .0987 .5716 .0005 
ln_Cr ---- ---- ---- ---- ---- ---- 
ln_Co ---- .7753 <.0001 .1971 .6838 <.0001 
ln_Cu ---- .4219 <.0001 ---- ---- ---- 
ln_Fe .0755 .3038 .0088 ---- ---- ---- 
ln_La ---- .2155 .0256 ---- .2155 .0256 
ln_Pb ---- .4952 .0010 .3051 .4588 <.0001 
ln_PM2.5 .1090 .5261 .0023 .1121 .3184 .0216 
ln_Mg ---- ---- ---- ---- ---- ---- 
ln_Mn ---- ---- ---- ---- ---- ---- 
ln_Mo ND ND ND ND ND ND 
ln_Ni ---- ---- ---- ---- ---- ---- 
ln_Pt .6241 .6241 .0615 .6241 .6241 .0615 
ln_K ---- .2661 .0167 ---- ---- ---- 
ln_Sc .1059 .1059 .1394 .1059 .1059 .1394 
ln_Se ---- .5497 .0005 ---- .4059 .0014 
ln_Ag ---- .6020 <.0001 ---- .4129 .0009 
ln_Na ---- .3260 .0055 ---- .3260 .0055 
ln_S ---- .8527 <.0001 .0800 .8454 <.0001 
ln_Tl ---- .9997 .0103 .4581 .4581 .0949 
ln_Sn --- .5248 .0006 .0806 .4989 .0010 
ln_Ti .2818 .2818 .0133 .2818 .2818 .0133 
ln_V ---- .8791 <.0001 .0984 .8588 <.0001 
ln_Zn ---- ---- ---- ---- ---- ---- 
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Table 9. Effect of imputation of outdoor for indoor microenvironment air toxics concentrations on 
estimates of time-adjusted prediction of personal air toxics exposures. 
NY-Summer No imputation Indoor imputed by outdoor 
Outcome 
measure 
Indoor partial R2 Model R2 Model p- 
value 
Indoor partial R2 Model R2 Model p- 
value 
Abs_coef .6140 .7126 <.0001 .3160 .4603 <.0001 
ln_Al .1589 .3576 .0016 ---- .1462 .028 
ln_Sb .0679 .1546 .0876 ---- ---- NA 
ln_As .1714 .5102 <.0001 .1183 .3413 <.0001 
ln_Be ---- ---- ---- ---- ---- ---- 
ln_Cd .1505 .3960 .0007 .0584 .3027 .0045 
ln_Ca .1206 .2732 .0291 ---- ---- NA 
ln_Cs .4481 .5721 <.0001 ---- ---- NA 
ln_Cr ---- .6122 <.0001 .0551 .6134 <.0001 
ln_Co .6615 .7822 <.0001 .5476 .7211 <.0001 
ln_Cu .0553 .5312 <.0001 ---- .4770 <.0001 
ln_Fe .0438 .5958 <.0001 ---- .5523 <.0001 
ln_La .1123 .1123 .0609 ---- ---- ---- 
ln_Pb ---- ---- ---- ---- ---- ---- 
ln_PM2.5 .8211 .8211 <.0001 .1338 .1338 .1382 
ln_Mg .2553 .5125 ---- ---- --- ---- 
ln_Mn .0657 .6591 <.0001 ---- .5946 <.0001 
ln_Mo ND ND ND ND ND ND 
ln_Ni .2041 .2041 .0095 .2117 ,2117 .0071 
ln_Pt .5296 .5296 <.0001 .1825 .1825 <.0001 
ln_K .4323 .6389 <.0001 .0925 .1907 .0418 
ln_Sc .0789 .3423 .0112 ---- ---- ---- 
ln_Se .1847 .3685 .0013 ---- .1739 .016 
ln_Ag .1930 .5980 <.0001 .1769 .5773 <.0001 
ln_Na .1465 .2187 .0279 .2927 .2927 .0496 
ln_S .6215 .6215 <.0001 .0811 .0811 .0011 
ln_Tl .5880 .5880 .0065 ---- ---- ---- 
ln_Sn .7191 .7191 <.0001 .1813 .1813 .0781 
ln_Ti .2219 .2219 .0065 ---- ---- ---- 
ln_V .5308 .7392 <.0001 .0964 .0964 .4871 




NY-Winter No imputation Indoor imputed by outdoor 
Outcome 
measure 
Indoor partial R2 Model R2 Model p- 
value 
Indoor partial R2 Model R2 Model p- 
value 
Abs_coef .3809 .4986 <.0001 ..4944 .5410 .0001 
ln_Al ---- ---- ---- ---- ---- ---- 
ln_Sb ---- .8416 <.0001 ---- .8416 <.0001 
ln_As ND ND ND ND ND ND 
ln_Be ND ND ND ND ND ND 
ln_Cd .1032 .1032 .0781 ---- ---- ---- 
ln_Ca .1967 .4440 .0003 ---- .2469 .0505 
ln_Cs .3725 .4832 .0004 .1064 .4962 .0010 
ln_Cr ND ND ND ND ND ND 
ln_Co .5680 .7281 <.0001 .4550 .6338 <.0001 
ln_Cu ---- ---- ---- ---- ---- ---- 
ln_Fe ---- .3506 .0024 ---- .3506 .0024 
ln_La .1569 .3785 .0045 .1193 .3202 .0045 
ln_Pb .0963 .7785 <.0001 .0293 .6900 <.0001 
ln_PM2.5 .4040 .4040 <.0001 .1233 .1233 .0488 
ln_Mg .1150 .6275 .0009 .----* ---- <.0001 
ln_Mn .2888 .3615 .0019 .2888 .3615 <.0001 
ln_Mo ND ND ND ND ND ND 
ln_Ni .0993 .0993 .0646 ---- .0886 .1039 
ln_Pt .2047 .3256 .0040 ---- .1573 .0272 
ln_K .6031 .6031 <.0001 ---- .2733 .0026 
ln_Sc ----- ---- ---- ---- ---- ---- 
ln_Se ND ND ND ND ND ND 
ln_Ag .2442 .4645 .0007 ---- .2990 .0069 
ln_Na .0700 .8845 .0021 .0628 .8845 .0016 
ln_S .1587 .4859 .0004 .1331 .4634 <.0001 
ln_Tl .5986 .7490 <.0001 .5391 .6223 <.0001 
ln_Sn .5267 .7241 <.0001 .1029 .4673 .0001 
ln_Ti .1069 .3108 .0055 ---- .2039 .0108 
ln_V .5611 .7400 <.0001 .4731 .6711 <.0001 




LA-Fall No imputation Indoor imputed by outdoor 
Outcome 
measure 
Indoor partial R2 Model R2 Model p- 
value 
Indoor partial R2 Model R2 Model p- 
value 
Abs_coef .2010 .3310 .0036 ..3022 .3888 .0008 
ln_Al .1343 .5173 .0003 ---- .3391 .0037 
ln_Sb .3560 .6746 <.0001 ..3589 .6704 <.0001 
ln_As .0960 .5406 .0002 ..0573 .5018 .0004 
ln_Be .2221 .2221 .0201 ..2225 .2225 .0130 
ln_Cd .5144 .6562 <.0001 ..5047 .6054 .0001 
ln_Ca .1115 .2959 .0104 ---- .3112 .0065 
ln_Cs .0757 .4342 .0030 ---- .3761 .0017 
ln_Cr .0834 .1713 .0869 .1157 .2548 .0399 
ln_Co .0848 .4205 .0031 ---- .3545 .0027 
ln_Cu ---- .1843 .0708 ---- .1865 .0616 
ln_Fe .0610 .4511 .0016 ---- .3944 .0011 
ln_La .0757 .3053 .0258 ---- .2547 .0189 
ln_Pb .8352 .8803 <.0001 .1536 .4555 .0011 
ln_PM2.5 .2201 .3462 .0026 ..2903 .3710 .0012 
ln_Mg .1839 .5714 <.0001 ..2095 .5204 <.0001 
ln_Mn .1743 .5338 .0002 .1642 .4822 .0006 
ln_Mo .4892 .7141 <.0001 .5042 .7135 <.0001 
ln_Ni .1226 .1226 .0626 ---- .1272 .0530 
ln_Pt .0587 .4252 .0028 ---- .3592 .0025 
ln_K .4316 .6672 <.0001 .1848 .5055 .0003 
ln_Sc .0968 .5569 .0001 .0309 .4761 .0019 
ln_Se .4707 .7304 <.0001 .4902 .7023 <.0001 
ln_Ag .1364 .3846 .0062 ---- .2590 .0175 
ln_Na .3353 .6732 <.0001 ..3361 .6486 <.0001 
ln_S .5213 .9001 <.0001 ..4711 .7229 <.0001 
ln_Tl .6321 .7726 <.0001 ..6134 .6134 <.0001 
ln_Sn .4843 .7434 <.0001 ..5142 .7321 <.0001 
ln_Ti .1211 .3059 .0087 ..0611 .3417 .0014 
ln_V .5711 .7792 <.0001 ..3082 .6884 <.0001 




LA-Winter No imputation Indoor imputed by outdoor 
Outcome 
measure 
Indoor partial R2 Model R2 Model p- 
value 
Indoor partial R2 Model R2 Model p- 
value 
Abs_coef ---- ---- ---- ---- ---- ---- 
ln_Al .1663 .1663 .0534 .1663 .1663 .0534 
ln_Sb .0154 .8781 <.0001 ---- .5305 <.0001 
ln_As ---- .6580 <.0001 ---- .1534 .0791 
ln_Be .1456 .1456 .0879 .1480 .1480 .0770 
ln_Cd ---- .1268 .0954 ---- ---- ---- 
ln_Ca ---- ---- ---- ---- ---- ---- 
ln_Cs ---- .6239 <.0001 .0987 .5716 .0005 
ln_Cr ---- ---- ---- ---- ---- ---- 
ln_Co ---- .7753 <.0001 .1971 .6838 <.0001 
ln_Cu ---- .4219 <.0001 ---- ---- ---- 
ln_Fe .0755 .3038 .0088 ---- ---- ---- 
ln_La ---- .2155 .0256 ---- .2155 .0256 
ln_Pb ---- .4952 .0010 .3051 .4588 <.0001 
ln_PM2.5 .1090 .5261 .0023 .1121 .3184 .0216 
ln_Mg ---- ---- ---- ---- ---- ---- 
ln_Mn ---- ---- ---- ---- ---- ---- 
ln_Mo ND ND ND ND ND ND 
ln_Ni ---- ---- ---- ---- ---- ---- 
ln_Pt .6241 .6241 .0615 .6241 .6241 .0615 
ln_K ---- .2661 .0167 ---- ---- ---- 
ln_Sc .1059 .1059 .1394 .1059 .1059 .1394 
ln_Se ---- .5497 .0005 ---- .4059 .0014 
ln_Ag ---- .6020 <.0001 ---- .4129 .0009 
ln_Na ---- .3260 .0055 ---- .3260 .0055 
ln_S ---- .8527 <.0001 .0800 .8454 <.0001 
ln_Tl ---- .9997 .0103 .4581 .4581 .0949 
ln_Sn --- .5248 .0006 .0806 .4989 .0010 
ln_Ti .2818 .2818 .0133 .2818 .2818 .0133 
ln_V ---- .8791 <.0001 .0984 .8588 <.0001 



















Summary and conclusions 
 
Increases in the global population witnessed over recent years pose major threats to the 
quality of the air we breathe.  Coupled with increasing population in many developed countries, 
often driven by immigration, there has been a substantial population growth in developing 
countries.   At the same time, the world has become increasingly urbanized.  In many developed 
countries farmlands has been taken over by suburban communities and the perimeter of what 
constitutes the city limits as expanded.  Thus increasing urbanization and reconfiguration of land 
use are important features of the world as it will evolve in the early 21st century.  This places 
inevitable burdens on sustainability.  Coupled with increasing population is increased energy use 
to heat or cool homes, car ownership, use of fuel for transit, and incineration of waste products.  
In addition, the built environment of cities has become ever more complex with the creation of 
microenvironments which can concentrate pollutants, exposing those that reside in the inner city 
to considerably higher risk of air pollutant exposures. 
Cities, across nearly all cultures, are well known to be magnets for younger individuals, 
attracted to these environments by job opportunities, social interaction and educational pursuits.  
Attraction of younger families leads to increases in the number of children in urban 
communities, which in the inner city has been shown to have increased substantially in recent 
years, especially in the developing world.  Therefore increasing urbanization attracting a younger 
population has led to the expansion of the global population at risk of exposure and health 
consequences of air pollution. 
Thus it is imperative that efforts to assess and mitigate air pollution, until recently mainly 
focused on large air mass sampling, be focused on the environment of the inner city where a 
susceptible population lives, works, studies and transits. 
The TEACH study provided a unique opportunity to assess air toxics exposures in the 
two largest cities in the United States, to facilitate fuller understanding of the air toxics risk, and  
how to measure and mitigate air toxics exposure in these urban environments.  This thesis was 
therefore focused on three main objectives which were to: 
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1). Assess, characterize, quantify and compare air toxics exposures New York and Los 
Angeles. 
2). Assess and quantify the temporal and spatial variability of air toxics concentrations, 
critical for understanding how to most accurately capture, actual air toxics exposures in 
the urban environment. 
3). Determine if personal air toxics exposures could be modeled used time-activity 
information, placing inner city residents in, or close to microenvironments monitored in 
the study in order to generate a greater understanding of the main drivers of exposures. 
 The main findings of this research pursued in this thesis project correspond to the 
objectives outlined, showing substantial differences between New York and Los Angeles in the 
quality and quantity of air toxics exposures in these two cities.  Small differences in personal 
exposures to particulate matter, that were not statistically significant, were observed in 
comparing the two cities. However, substantial differences were found with respect to the 
species of air toxics exposures in the two cities and across seasons studied.   In general terms, 
crustal sources of air toxics were detected in both cities, though in Los Angeles these levels 
tended to be higher than in New York, often significantly.  This was the case most notably for 
Ca, which most likely is of crustal origin from wind-blown dust emanating from the desserts to 
the east, as well as concentrations of Al, Mg and Na, which was also significantly higher in 
California than in New York across seasons.  In contrast, there was a clear signal related to Fe, 
Co and La, which was substantially higher in New York than Los Angeles and thought to be 
attributable to metals associated with the subway system of New York. Anthropogenic sources 
were evident in each of the cities to varying degrees. Sulfates (likely due to fossil fuel 
combustion) were detected at high levels across both cities, likely the product of traffic patterns 
in these two urban areas with substantial traffic density, though the variability of concentrations 
of this air pollutant was greater Los Angeles than New York, suggesting differences in the rate 
and timing of production or in mechanisms of clearance. Vanadium was observed at somewhat 
higher levels in New York, as was cobalt, the former likely due to the oil used for heating in that 
city and the latter potentially due to subway origin or incineration of municipal waste. 
 With respect to variability of the outdoor air toxics concentrations in these two cities, 
highest in spatial versus temporal variability in New York were the trace metal air toxics 
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possibly of subway origin: Co, Zn, and La.  In Los Angeles the air toxics with greatest spatial vs 
temporal variability were Cs and Ni.   The most variable analyte temporally in Los Angeles was 
sulfate, which exhibited low spatial/temporal ratios across seasons, which may have been related 
to traffic patterns, whereas in New York, common to both seasons, in addition to S, was Na, both 
of these likely reflecting variable in time concentrations, related to remote traffic patterns, port 
activities and ocean influences. . 
 The distributional characteristics and variability of concentrations in the environment 
might be expected pose difficulties with respect to modeling personal exposures to air toxics in 
the context of the complex built environment of the inner city. Using regression modeling that 
accounted for the distribution of measured personal air toxics, coupled with time-activity diaries 
and assignment of those activities to specific measured microenvironments allowed fairly robust 
modeling of personal exposures which yielded generally strong coefficients of determination, 
explanatory power and were validated.  Important findings included the role of the indoor 
environment in predicting personal exposures and the degree to which a small percentage of time 
spent in the transit environment can affect exposures to trace elements from this source. 
Although the majority of elements could be predicted in part by indoor exposures, not simply a 
reflection of outdoor air toxics concentrations, the inclusion of other microenvironments, in 
many cases, substantially increased the predictive power of the models generated. 
The research pursued in this thesis project may serve to further underscore the risk of air 
toxics exposures of young residents of the inner city, which, unlike workplace and environmental 
standards that traditionally may have been based on single exposures, are characterized by 
exposures to low level complex mixtures of air toxics. These mixtures may, in aggregate have 
different health consequences than more intense and less broad a spectrum of pollutant 
exposures.  Data generated here may  help to inform planning of air quality  monitoring 
approaches in the inner city, as well as provide one template for predictive modeling  of human 
exposures to air toxics in that complex environment, to reduce  the need for direct personal 
measurements of these pollutants.  This could ultimately contribute to approaches to mitigate air 
toxics exposures and its consequences for an expanding global population residing in the world’s 
inner cities.  
 
